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ABSTRACT
Soil Moisture and Hydrological Drought in the Upper Colorado River
Basin
by
Chunling Tang
Dr. Thomas Plechota, Examination Committee Chair
Associate Professor, Department of Civil and Environmental Engineering
University of Nevada, Las Vegas

This dissertation investigates the interannual variability of soil moisture as
related to large-scale climate variability, and oceanic-atmospheric patterns.
Firstly, a three-layer hydrological model VIC-3L (Variable Infiltration Capacity
Model - 3 layers) was used in the Upper Colorado River basin at a daily time
step and a 1/8 spatial resolution over a 50-year (1950 to 2000) period. Using
wavelet analysis, deep soil moisture was compared to the Palmer Drought
Severity Index (PDSI), precipitation, and streamflow to determine whether deep
soil moisture is an indicator of climate extremes.
Secondly, this research evaluates the spatial and temporal variability of soil
moisture by using map analysis and t-test statistical method. The soil moisture in
drought years was significantly different from the soil moisture in normal and wet

years. An extended temporal soil moisture evaluation was performed in pre
drought, drought, and post-drought periods. The results show that soil moisture
may be a potential drought indicator, which could improve drought predictability.
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Finally, the correlation between soil moisture and oceanic-atmospheric
patterns, such as Sea Surface Temperatures (SSTs), El Niho-Southern
Oscillation (ENSO), the Pacific Decadal Oscillation (PDO), and the Atlantic
Multidecadal Oscillation (AMO) were evaluated. Singular Variable Decomposition
(SVD) was used in evaluating the relation between soil moisture and Pacific
Ocean SSTs.
The current research resulted in several significant contributions: The main
contributions of this research are: (a) the development of a 1/8 spatial resolution
and a temporal daily time step soil moisture dataset for the Upper Colorado River
basin, (b) the evaluation of the soil moisture as a drought indicator, (c) improving
the comprehensive understanding of how spatial and temporal variability of soil
moisture varies during drought periods, and (d) the coupling of oceanicatmospheric/patterns with soil moisture to improve long-term drought forecasts.

IV
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CHAPTER 1

INTRODUCTION
Droughts are extreme climate events that impact society more than average
climate conditions (Trenberth et al., 2003). It has been documented that droughts
are one of the costliest natural disasters that result in estimated average annual
damages of $6-8 billion in the United States (Wilhite et al., 2000). Therefore, it is
important to understand and predict drought variability.
The overall impact of a drought depends on several factors, including its
severity, frequency, area, and duration. Several drought indices have been
defined for the characterization of drought severity (And read is et al., 2005). Each
index describes one of four drought types (Dracup et al., 1980): agricultural,
hydrological, meteorological, and socioeconomic. Soil moisture is an important
factor in monitoring and forecasting all forms of droughts.
Soil moisture governs energy and water exchanges at the land-air boundary
and is a key component of land surface hydrology (Wu and Dickinson, 2004).
Soil moisture is also an important surface variable that has a significant impact
on drought forecast and may be linked to other large-scale oceanic-atmospheric
patterns, such as the El Nino -Southern Oscillation (ENSO), the Pacific Decadal
Oscillation (PDO), the Pacific Ocean Sea Surface Temperatures (SSTs) and the
Atlantic Multidecadal Oscillation (AMO).
1
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Thus, the overall goals of this research are to develop a better understanding
of the spatial and temporal variability of soil moisture during droughts, to identify
soil moisture as a drought indicator, and to determine the relationships between
soil moisture and large-scale oceanic-atmospheric patterns that will assist in
forecasting droughts.

1.1.

Study Area

The study area is the Upper Colorado River Basin (Figure 1-1), which
provides water supply, flood control and hydropower to a large area of the
southwest United States. The Upper Colorado River Basin drains an area of
more than 279,720 km^ in seven states and generates water for 25 million people
within the basin states and adjoining areas. There are five Climate Divisions, 33,
298, 299, 300, and 337 (Figure 1-1) and part of three Climate Divisions
(10,190,297) in the Upper Colorado River Basin. Two main mountain ranges, the
Rocky Mountains and the Wasatch Mountains, border the east and the west of
the basin. Because of its geographic and climatologie characteristics, the
Colorado River basin is particularly vulnerable to severe and sustained drought.
The current drought started in 2000 and is the largest in the historic record of the
Colorado River basin (Piechota et al., 2004). The current drought, combined with
an increased water supply demand, has severely affected the storage at the
major reservoirs of the Colorado River. In 2006, Lake Powell was at a historic low
level - approximately 50% of the total live storage available. Therefore, it is
important to understand the drought in the basin.
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1.2.

Soil Moisture in Hydrology

Hydrology is defined as the distribution, movement, and properties of the
waters of the earth (Viessman and Lewis, 2002). The hydrological cycle is a
global process, where water is transported from the oceans to the atmosphere,
then to the land and back to the sea (Figure 1-2).

cloud

Cloud

O cean __

. ■ Water tabl
■' ■ Saturated soil-

P, precipitation; E, evaporation; T, transpiration;
I, infiltration; R, surface runoff; G, groundwater flow;

Figure 1-2 .Hydrological cycle (Based on Viessman and Lewis, 2002)

Water stored as soil moisture forms only a small fraction of the water reserves
in the planet. The amount of water in the top layers of the soil is correlated with
short-term precipitation and meteorology (Liang et al, 1994). Soil moisture in the
root zone is a governing factor of the state of vegetative growth through the
availability of water for transpiration (Keyantash and Dracup, 2002). In deeper
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soil layers, the soil moisture levels and depth to ground water reflect long-term or
hydrological drought as it is this water that is available for recharging aquifers
and rivers. Accurate soil moisture representation is known to enhance drought
forecasting.
Soil moisture is one of the least observed aspects of the hydrological cycle in
terms of long-term, large-scale measurements (Koster and Suarez, 2001). For
instance, there are no comprehensive observational soil moisture data sets in the
Colorado River basin. Because of the lack of large-scale and long-term
observations of soil moisture in the United States, the use of simulated soil
moisture fields from land surface models forced with observed meteorological
data sets is a viable alternative (Sheffield et al., 2004a). Therefore, development
of an approach to estimate soil moisture on a regional scale is of immediate
importance. In recent years, the development and use of land surface modeling
schemes to simulate soil moisture has increased (Entekhabi et al., 1996; Koster
et al., 2003).
The VIC-3L (Variable Infiltration Capacity-three layers) model is a macro
scale energy and water balance model that has been developed over the last 10
years (Wood et al., 1992; Liang et al., 1994). Nijssen et al. (2001c) reported a
good comparison between the annual cycle and spatial patterns of soil moisture
simulated by the VIC-3L and observed soil moisture in central Illinois and in
central Eurasia. Maurer et al. (2001a, 2002) found that the VIC-3L simulated soil
moisture has a higher persistence than the NCEP (National Center for
Environmental Prediction) reanalysis data (Maurer et al., 2001b) for the entire
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Mississippi River basins. Lastly, And read is et al. (2005) found that the VIC-3L
model generally does a better job of reproducing observed runoff characteristics
compared with other hydrological models.
The above research demonstrates that observational soil moisture is limited
in spatial and temporal coverage. Simulated soil moisture by a hydrological
model such as the VIC-3L model is an alternative for observations of soil
moisture. In the proposed research, a high-resolution (1/8°), large-scale (280,000
km^), and long-term (50 years) hydrological model, the VIC-3L model, will be
developed for the Upper Colorado River basin.

1.3.

Soil Moisture as a Drought Index

Several drought indices have been defined for characterization of drought.
For long-term drought characterization, the Palmer Drought Severity Index
(PDSI) (Palmer, 1965) is arguably the most widely used drought index (Briffa et
al., 1994; Scian and Donnari, 1997; Cook et al., 1999). The PDSI uses
temperature and rainfall information in a formula to determine dryness. The PDSI
is most effective in determining long-term drought and is not as good with short
term forecasts. Detailed descriptions of the fairly complex calculation of the PDSI
are published in several journals (Palmer, 1965; Alley, 1984; Karl, 1986).
Several studies have been performed in regions to analyze the relationship
between drought and soil moisture persistence (Huang et al., 1996; Maurer et al.,
2001a, 2001b, and 2002). Alley (1984) reported that the PDSI is related to
agricultural drought (soil moisture). Dai et al. (2004) reported correlations
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between annual PDSI and streamflow, and found a positive correlation between
the PDSI and soil moisture during the warm season. However, they also noted
that the PDSI should not be used as a measure of soil moisture in cold seasons
or at high latitudes. It is limited in its application because of its empirical nature
agricultural use, and due to the simplifications of the water balance model and
snow (Alley, 1984; Heim, 2002).To further characterize agriculture drought, soil
moisture information should be considered.
A recent study (Lakshmi et al., 2004) found that the deep layer soil moisture
anomaly was a good drought indicator in the Mississippi River basin. Mika et al.
(2005), Szep et al. (2005) and Makra et al. (2005) found that the PDSI was an
indictor of soil moisture in East Hungary. Sims et al. (2002) reported that the
PDSI and SPI (Standardized Precipitation Index) can be used as a soil moisture
index in North Carolina.
Currently, most research has neglected the spatial variability of soil moisture
and how this influences the overall impact of drought. Spatially distributed
hydrological models provide a means for simulating the spatial variability of soil
moisture and drought. It is noteworthy to identify the potential impacts of drought
based not only on its severity, but also on its areal extent and duration. The
research proposed here will investigate spatial and temporal variability of soil
moisture as a drought indicator.

7
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1.4.

Relationship between Soil Moisture and Climate Variability

Soil moisture has been shown to be a good index of drought, reflecting recent
precipitation and antecedent conditions. Furthermore, soil moisture is an
indicator of agricultural potential and available water storage (Keyantash and
Dracup, 2002). Soil moisture variability has a significant impact on climate
variability and the components of the hydrological cycle, precipitation,
streamflow, and evaporation. Higher soil moisture may result in higher
evaporation, which can create higher precipitation.
Numerous studies have shown that soil moisture acts as feedback on climate
variability in various ways. Delworth and Mehta (1988), Koster and Suarez
(1996), and Durre et al. (2000), demonstrated the impact of modeled soil
moisture variability on atmospheric and precipitation variability. Lakshmi et al.
(2004) stated that the third layer soil moisture has a strong correlation to
precipitation and streamflow in the Mississippi River basin.
The influence of soil moisture on climate variability has long been noticed and
is drawing even wider attention in recent years (Delworth and Mehta, 1998; Atlas
et al., 1993; Wang and Kumar, 1998; Fennessy and Shukla, 1999; Hong and
Kalnay, 2000; Koster et al., 2000; Schlosser and Milly, 2002; Koster and Suarez,
2001; Kanamitsu et al., 2003; Mo and Juang, 2003). Soil moisture prolongs the
effects of drought (Nicholson, 2000), enhances the severity and persistence of
floods (Bonan and Stillwell-soller, 1998; Hong and Kalnay, 2000), and
determines the predictability of atmospheric surface climate anomalies (Wang
and Kumar, 1998; Douville and Chauvin, 2000)

8
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The above research shows that soil moisture is an important component of
the hydrologie cycle and climate variability. Thus it is important to investigate the
relation between soil moisture and climate variability.

1.5.

Relation of Soil Moisture and Oceanic-Atmospheric Patterns

Well-understood oceanic-atmospheric patterns that influence climate in
regions around the world area are the El Niho-Southern Oscillation (ENSO), the
Pacific Decadal Oscillation (PDO), the Pacific Ocean Sea Surface Temperatures
(SST), and the Atlantic Multidecadal Oscillation (AMO). The ocean phenomena
ENSO is a complex oceanic-atmospheric interaction that causes cyclical patterns
of warming and cooling of the sea surface in the tropical Pacific. It has two
phases; El Nino is the warm-phase and La Nino is the cold phase (Piechota and
Dracup, 1996; Piechota et al., 1997). The PDO is a climate phenomenon
associated with persistent, bimodal climate patterns in the northern Pacific
Ocean that oscillate with a characteristic period on the order of 50 years
(Mantua, et al., 1997). Both ENSO and the PDO are characterized based on the
SSTs. The AMO is a mode of natural variability occurring in the North Atlantic
Ocean, which has affected the climate changes over much of the Northern
Hemisphere, in particular. North America (Gray et al., 2004).
The relationship between oceanic-atmospheric patterns and hydrologie
variables for specific regions of the United States has been examined; Hidalgo
and Dracup (2003) noted the effects of ENSO and PDO on hydroclimatic
variations (1909-1998) of the Upper Colorado River basin and suggested that a
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basinwide ENSO signature was found in the warm season precipitation and
warm season SSTS. Tootle and Piechota (2006) determined the relationship
between Pacific and Atlantic Ocean SSTs and U.S. streamflow. Some significant
SST correlation regions were identified in the Pacific and Atlantic Ocean.
Significant correlation streamflow regions were also identified in the whole United
States, which may improve long lead time forecast of streamflow. Tootle and
Piechota (2005) also coupled the oceanic-atmospheric variability (ENSO, PDO,
AMO, and NAO) with U.S. streamflow. The ENSO during an AMO warm phase
influenced the streamflow in southeastern United States and NAO negative
phase was associated with significantly less streamflow.
The relationship between ocean-atmospheric patterns and rainfall variability
in subequatorial America and Africa was studied by Moron et al. (1995). The
study showed the influence of the ENSO phenomenon upon South America
(less/more rainfall during an El Nino /La Nina event). Piechota et al. (1997)
studied the teleconnection between ENSO and the hydroclimate of Australia. The
study showed that dry conditions in Australia tend to be associated with El Nino.
Poveda and Mesa (1997) and Timbal and McAvaney (2001) examined soil
moisture, ENSO (El Niho-Southern Oscillation), and precipitation in Colombia
and demonstrated that soil moisture accounted for part of the precipitation
reduction in tropical South America through reduction in évapotranspiration and
feedback mechanisms.
Long-term drought has been linked to oceanic-atmospheric patterns.
However, currently no studies have looked at the relationships between soil

10
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moisture and oceanic-atmospheric patterns (ENSO, SSTs, PDO, and AMO), for
the Upper Colorado River basin.

1.6.

Research Questions and Contributions

The specific research questions and research hypotheses addressed in this
dissertation are as follows:
Research Question #1— Can large-scale, high-resolution soil moisture for the
Upper Colorado River basin be accurately represented in the VIC-3L hydrologie
model?
Hypothesis #1— Large-scale, high-resolution simulated soil moisture will be
accurate enough for evaluating drought after a step by step model calibration
using streamflow and a model verification in the Upper Colorado River basin.
Research Question #2—What is the relationship between soil moisture and
climate variability (precipitation, streamflow), and how does soil moisture vary
spatially before, during, and after drought for a 50 year (1950-2000) period?
Hypothesis #2— Deep layer (third layer) soil moisture will be a good drought
indicator in the Upper Colorado River basin based on the coherency between soil
moisture and precipitation, PDSI, and streamflow.
Research Question #3 — How does soil moisture relate to the initiation,
persistence, and termination of droughts in the Upper Colorado River basin from
1950 to 2000?

11
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Hypothesis #3— Deep layer soil moisture will provide valuable insights for
initiation and termination droughts, since soil moisture responds before
streamflow to drought conditions.
Research Question #4 — What is the relationship between soil moisture in
the Upper Colorado River basin and oceanic-atmospheric patterns (ENSO, PDO,
SSTs, and AMO)?
Hypothesis #4— The relationship between soil moisture and oceanicatmospheric patterns (ENSO, PDO, SSTs, and AMO) may lead to improved
drought prediction.

1.7.

Presentation of the Research

This dissertation is organized into six Chapters and three Appendixes.
Chapter 2 presents background information and the data sets used in this
dissertation. Chapter 3 presents the simulation of soil moisture by the VIC-3L
model and the relationship between soil moisture and the drought variability in
the Upper Colorado River basin. Chapter 4 offers the results of the spatial and
temporal variability of soil moisture in the Upper Colorado River basin. Chapter 5
provides results determining the correlation between soil moisture and oceanicatmospheric patterns (ENSO, PDO, SSTs, and AMO). Conclusions and
recommendations are presented in Chapter 6. The Appendixes provide the
methodology and programs developed in this research.

12
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CHAPTER 2

BACKGROUND
2.1.

Measurement of Soil Moisture

The need to determine soil moisture arises in many fields, agronomics,
ecology, and hydrology (Hillel, 1998). In the United States, the Illinois State
Water Survey started to observe soil moisture in the 1980s (Hollinger and Isard,
1994). These data sets are available on a World Wide Web site called Global
Soil Moisture Data Bank (http://climate.envsci.rutqers.edu/soil moisture) (Robock
et al., 2000). Observed soil moisture data for 50 stations are available from the
National Water and Climate Center in America
(http://www.\A/cc.nrcs.usda.gov/scan/index.html) (Figure 2-1). There is one new
observed soil moisture station in the Upper Colorado River basin based on the
recent SCAN (Soil Climate Analysis Network) data. The station is located in
Lightning Ridge, Utah, with observed soil moisture data from July 2004 to
present. However, observed soil moisture from 1950 to 2000 are needed for
model calibration in the Upper Colorado River basin.
There are different tools available for obtaining in situ soil moisture content
including gravimetry, tensiometers, time-domain reflectometry (TDR), neutron
probe (NR), and capacitance sensor. The use of ultrasonic, radar waves, and
microwave radiometry techniques have been widely noted in recent years.
13
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Figure 2-1

Observed soil moisture stations in the United States and the
schematic Upper Colorado River basin boundary

From : http://www.wcc.nrcs.usda.gov/scan/index.html

2.1.1

Gravimetry (Sampling and Drying)

Gravimetry is a traditional method of measuring soil moisture. Gravimetric
observation of soil moisture was started in the 1930s in the former Soviet Union
(FSU) (Robock et al., 2000). This method consists of removing a soil sample and
determining its moist and dry weights (Hillel, 1998). Gravimetric soil moisture is
the mass of water per unit mass of oven-dry soil.
Soil samples are taken using augers at required depths and locations.
Samples are taken at 4 -5 locations in each station (Robock et al., 2000), and the
method is easy to implement. While it is laborious and can take a long time to

14
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measure one sample (at least 24 hr for oven - drying), it is also destructive to its
site.
2.1.2

Tensionmeters

A tensionmeter is a device that can measure moisture tension in a porous
medium. The porous bodies (a ceramic cup, etc.) are placed in the soil, and the
electrical resistances (tensionmeters) are placed in the porous bodies (Robock et
al., 2000). Tensionmeters measure the force that plants have to exert to obtain
moisture from the soil.
The tensiometer measures water tension in units of bars or kilopascals. One
bar is approximately equal to one atmosphere (14.7lb/in^) of pressure. A
tensionmeters range is from 0 to 85 bars. Above 85 bars, the instrument will
cease to work. A tension reading of 0 indicates that the soil is saturated. As the
soil dries, the water is lost from the tensionmeter via the porous medium. A dry
soil would have high tension and a high pressure reading (Amer et al., 1994).
Tensionmeters must be installed carefully and require some routine
maintenance.
2.1.3 Time-Domain Reflectometry (TDR)
TDR is a relatively new method to measure soil moisture (Hillel, 1998). The
TDR technique is used to monitor the dielectric constant of the soil. It is based on
the high dielectric constant of water (Baker et al., 1990), which is normally about
81, while that of soil solids varies 4 -8 and that of air is 1 ( Jackson and
Schmugge, 1993). Thus, if the soil is saturated, the dielectric constant is high.

15

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.

In the TDR technique, several parallel stainless steel waveguides, connected
to a signal coaxial cable (TDR receiver) are inserted into the soil (Feng et al.,
1999) (Figure 2-2). When a voltage signal is propagated along the stainless steel
waveguides, the signal is returned to the signal coaxial cable (TDR receiver)
(Flillel, 1998). The receiver then measures the time between sending and
receiving the signal. Usually, if the dielectric constant is high the travel time of the
signal is long (Ledieu et al., 1986).
The TDR approach is more sensitive to moisture content that is located closer
to the stainless steel waveguides. The TDR equipment is also complex and
expensive.

O)
W
3_‘

(D
(/>
(/)

Figure 2-2 Schematic diagram of Time-Domain Reflectometry (TDR) (Based on
Lin, 2003)

2.1.4

Neutron Probe (NR)

The NR method was first developed in the 1950s and is widely accepted as
an efficient and relatively accurate technique for measuring soil moisture (Hillel,
16
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1998). The technique is based on the measurement of the flux of slow neutrons.
The moving neutrons are slowed by an elastic collision with hydrogen particles in
the soil (Ledieu et al., 1986). Hydrogen is present in the soil in three types, 1) soil
organic matter, 2) soil clay material and 3) water. Water is the only source of
hydrogen that changes with time (Robock et al., 2000). Therefore, the neutron
probe (NP) does a good job in measuring soil water content. The method is
relatively easy to use and can measure the soil moisture in real time, while the
main disadvantages of this technique are the high initial cost and the health
hazards associated with the neutron and gamma radiation. In addition, the
equipment needs to be calibrated to soil types over a period of time (Hillel, 1998).
Other soil moisture measurement methods include 1) the capacitance sensor,
also called Frequency Domain Sensor (FDR), which is based on changes of the
operation frequency; 2) gamma-ray absorption which is based on the gamma
radiation of water compared to other soil components. The ultrasonic waves,
radar waves, microwaves, and remote sensing in measuring soil content has
been widely used in recently years (Mattikalli et al., 1996). The most appropriate
measurement method to use is depend on the soil types, the available
equipments, the available findings and all the specific conditions in the
measuring area.

2.2.

Simulated Soil Moisture

Because of the lack of large-scale and long-term observations of soil moisture
in the United States, the use of simulated soil moisture from hydrological (land

17
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surface) models have received wide attention (Entekhabi et al., 1996; Koster et
al., 2003; Sheffield, et al., 2004a). In recent years, the development and use of
hydrological models has increased.
Hydrological models have become a powerful tool for water management in
watersheds. Hydrological modeling uses the precipitation, temperature and land
data to force a mathematical model and to derive streamflow, soil moisture,
evaporation and other variability. Hydrological models consist of two types, the
conceptual hydrological model and the physically-based hydrological model. The
main conceptual hydrological models include the Stanford Watershed model
(Crawford and Linsley, 1966), the Topmodel (Beven, 1979), and the ARNO
model developed by Todini (Todini, 1996). Freeze (1969) suggested a framework
for physically-based hydrological models, which considered the physics of the
hydrological processes.
Physically-based hydrological models can be classified as lumped or
distributed model. The lumped hydrological model simulates a spatially averaged
hydrological cycle. The Oregon State University (OSU) model and the Simple
Water Balance (SWB) model are the typical lumped hydrological models (Keren
et al., 1999). The distributed hydrological model considers the spatial variability
of model parameters and inputs (Chow, 1988). Depending on the availability of
data, distributed hydrological models represent a more accurate simulation of the
hydrological system.
The first physically-based distributed hydrological model is the Système
Hydrologique Européen (SHE) model, which was developed by Danish, British,
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and French scientists (Abbott et a!., 1986). The SHE model has been developed
to mathematically describe the land phase of the hydrological cycle. The main
hydrological processes of water movement, snowmelt, canopy interception,
évapotranspiration, and overland flow were considered (Storm and Jensen,
1989) in the SHE model. Based on the original SHE model, researchers
enhanced the model with an integrated surface water and ground water, and
named it the MIKE SHE model. It is an integrated, physically-based, distributed
model which consists of a water management module and several water quality
models (Refsgaard and Knudsen, 1996).
Yu et al. (1999) and Yu (2000) developed a Hydrological Model System
(HMS), which is a physically-based parameter-distributed model system that
includes four main modules; Soil Hydrologie Model (SHM), Terrestrial Hydrologie
Model (THM), Ground-Water Hydrologie Model (GHM), and Channel Ground
w ater Interaction (CGI).
The Soil and Water Assessment Tool (SWAT) is a distributed model
developed by the United States Department of Agriculture (Arnold et al., 1998).
The SWAT model subdivides a water basin into smaller sub-basins and requires
climatologically, hydrological, topographical, and land use related date. The
SWAT predicts the land impact on water, sediment, and agricultural chemical
yield in the water river basin (Arnold et al., 1998). Another type of model is the
Soil-Vegetation-Atmosphere Transfer Schemes (SVATS) models which are also
distributed model and have been widely used in land surface representations
(Wood, 1991). The SVATS models represent the interactions of vegetation with
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the soil column and the atmosphere. Among the best known SVATS are the
Biosphere Atmosphere Transfer Scheme (BATS) (Dickinson and Cicerone, 1986)
and the Simple Biosphere model (SiB) (Seller et al., 1986). SVATS have a high
level of vertical resolution and structure, but a low level of horizontal resolution
(Wood. 1991).
An operational hydrological model that parameterizes the effects of subgrid
heterogeneity of soil properties in a simple way is the Xinnanjian model (Zhao et
al., 1980). The Variable Infiltration Capacity (VIC) model is based on the original
Xinnanjian model and incorporated important features of the governing
hydrological processes in both the vertical and horizontal (Liang et al., 1994).
The important characters of the VIC model include the sub grid variability in soil
moisture, land surface vegetation, precipitation, and topography. In contrast with
most hydrologie models, the VIC does a better job of reproducing observed
runoff characteristics; since it includes a full energy balance which is absent from
most hydrological models (Lohmann et al., 1998). The VIC models include a twolayer (VIC-2L) model and a three-layer (VIC-3L) model.
The VIC-3L model is utilized in the proposed research. Following is a detailed
description.

2.3.

The VIC (Variable Infiltration Capacity) Model

The VIC model is a macro-scale gridded-based water and energy balance model.
The model is based on the water balance equation (Peixoto and Oort, 1992),
AS ^ p - E T - R - D
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(2-1)

Where, M is the rate of the change of storage; p is precipitation; ET means
évapotranspiration; R is surface runoff; and D is subsurface runoff.
Wood et al. (1992) described a single-layer version of the VIC model, which is
based on the Xinanjiang model (Zhao et al., 1980,). Liang et al. (1994) extended
the VIC model to include multiple soil layers (two layers). The upper layer
represents the dynamic behavior of the soil which responds to rainfall events.
The lower layer only represents the rainfall when the upper layer is wet. The VIC2L utilized the spatial variability of soil moisture, evaporation, and infiltration
(Abdulla et al., 1996).
The current version of the VIC-3L model consists of three soil layers. Surface
runoff is generated in the upper two soil layers by a variable infiltration curve, and
baseflow is produced in the bottom layer (Todini, 1996). The amount of infiltration
is calculated by the variable infiltration curve; the water that cannot infiltrate is
removed as runoff. The infiltration capacity varies and was expressed by Zhao et
al., (1980) as;
i=

(2-2)

Where, / and z„ are the infiltration capacity and maximum infiltration capacity;
A is the fraction of an area for which the infiltration capacity is less than / ; b is the
infiltration shape parameter.
The VIC-3L model allows different types of vegetation and land cover. The
surface is described by n=1,2,3....N, N+1 (N+1 represents bare soil) land cover
types and the land cover types are specified by their Leaf Area Index (LAI),
canopy resistance, root fraction depth, and soil properties (Liang et al., 1994).
21
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The effect of snow accumulation and melt is represented via a snow model in
the VIC-3L model based on a energy and mass balance approach (Nijssen et al.,
2000). The snow model allows snow to cover low vegetation or bare areas. Snow
and rain are intercepted by the canopy based on the LAI. Snow can be removed
via meltwater drip and mass release. Meltwater drip is considered as rain, while
mass release is considered as additional snowfall. Precipitation is considered as
rain, when the air temperature is above the snow threshold. However,
precipitation is considered as snow, when the air temperature is below the rain
threshold.
The VIC-3L model typically runs at spatial resolutions varying from 1/8 to 2
and at monthly or daily time steps. The VIC-3L model is forced by gridded
precipitation, temperature, wind series, land cover types and soil properties. The
shortwave radiation was calculated from the daily temperature and precipitation
based on Thornton and Running (1999). Longwave radiation was calculated as a
function of temperature, precipitation, and atmospheric transmittivity according to
Bras (1990). The VIC -3L model calculates the moisture fluxes for each model
grid cell independently. The VIC-3L model can be considered as a distributed
model since it utilized grid scale vegetation and soil properties (Liang et al.,
2004).
There is some uncertainty with the VIC-3L model. The land use in the VIC-3L
model is set at the level of the late 20‘^ century (Maurer et al., 2002). However,
the land converted from agriculture to urban and land cover changes will cause
uncertainty. Since most parts of the Upper Colorado River basin are located in
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mountainous basins, the land conversion uncertainty should be small in this
research. The snow model assumes that the snow cover is uniform within each
vegetation type. This may cause underestimate the melt rate of thin and
discontinuous snow, or overestimate the melt rate of thick snow. VIC-3L model
assumes that the plant roots can draw water only from the top two soil layers and
the baseflow is generated only from the third layer, additional uncertainty would
introduced by changing infiltration parameter and the second layer depth. The
input gridded precipitation used in the VIC-3L model is interpolated from station
data and would also introduce uncertainty.
2.3.1

Application of the VIC Model

The VIC model has been successfully applied over many large river basins
and achieved some reasonable results. Abdulla et al. (1996) applied the VIC-2L
model to estimate the water balance of the Arkansas-Red River basin for the
period 1973 to 1986. Model derived streamflow were compared with observation
data and agreed to within 1% for the Arkansas River and 2% for the Red River.
The evaporation predicted by the VIC-2L model compared quite well with that
derived from an atmospheric moisture budget of the Arkansas-Red River basin.
Lakshmi et al. (1997) employed the VIC-2L model to derive evaporation for the
King’s Creek catchments in Manhattan, Kansas for a period from June to
October 1987. The modeled evaporation matched fairly well with the observed
evaporation.
Nijssen et al. (2001a) utilized the VIC-3L model over several large continental
river basins. The same research had also been done in North America (Nijssen
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et al., 2001b). Energy and water fluxes were simulated and the discharge of
global rivers was predicted over large continental river basins. The VIC-3L model
was used to produce hydrological variables, including snow water equivalent,
évapotranspiration, runoff, and soil moisture storage for the period of 1979 to
1993 in North America.
Maurer et al. (2002) utilized the VIC-3L model to derive the land surface
fluxes for the conterminous United States. Simulated streamflow was shown to
match observations quite well over large river basin such as the Columbia, the
Sacramento, the Missouri, and the Mississippi River basins. Liang et al. (2003)
used the VIC-3L model at the Blue River watershed in Oklahoma. In their
studies, different spatial resolution input data, such as precipitation, daily
maximum and minimum temperature, and wind speed were used to force the
VIC-3L model. It was found that the spatial resolution of soil properties impacted
the soil moisture output. A recent study by Lakshmi et al. (2004) used the VIC-3L
to simulate soil moisture in the Mississippi River basin for 50 years (1950-2000)
and a relationship was built between soil moisture and drought index in this
study. Lohmann et al. (1998) investigated the water balance in the Weser river in
Germany by using the VIC-2L model. The VIC-3L model was also used in the
Colorado River basin (Christensen, et al., 2004). This study coupled the daily
streamflows derived by the VIC-3L model with a Colorado River Simulation
System (DRSS) to assess the sensitivity of the reservoir system such as flood
control, water supply, and hydropower to the climate changes.
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And read is et al. (2005) simulated soil moisture and runoff at % spatial
resolution in the United States by using the VIC-3L model to evaluate agricultural
and hydrological drought. The model simulated variables (soil moisture and
runoff) were used to reconstruct a U.S. drought history from 1920 to the present.
Su et al. (2005) employed the VIC-3L model to simulate streamflow (1979-1999)
of the terrestrial Arctic domain. Model calibration showed that the simulated
streamflow matched fairly well with the observed streamflow. Maurer et al.
(2001a) compared soil moisture data with measurements from the Illinois soil
moisture network and showed that the VIC-3L model captured the changes in
soil moisture and soil moisture persistence well.
The research shows that the VIC-3L model is widely used in large river basins
with reasonable results. Thus it is justified to apply the VIC-3L model to simulate
soil moisture and streamflow in the Upper Colorado River basin in this research.
2.3.2

Input Data Source of the VIC-3L Model

The input data for the VIC-3L model include the meteorological data (forcing
data), soil data, and vegetation data. The input data sets are at a 1/8 spatial
resolution and a daily time step for the Upper Colorado River basin in this
research.
2.3.2.1

Meteorological Data

The meteorological datasets include gridded daily precipitation, minimum and
maximum air temperature, and wind speed. The Upper Colorado River basin is
represented by 1960 cells at a 1/8 spatial resolution. Daily precipitation and
temperature were obtained from the Cooperative Summary of the Day data
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(http://www.ncdc.noaa.gov/oa/climate/) of the National Climatic Data Center
(NCDC). The daily average wind data were available from the National Center for
Environmental Prediction (NCEP) provided by the National Oceanic and
Atmospheric Administration (NCAA) (http://wwwpord.ucsd.edu/~sgille/sio221c/ncep_wind.html). These datasets are at a 2.5
spatial resolution and interpolated to a 1/8 resolution for this study.
2.3.2 2 Soil Data
The raw soil characteristics data will be taken from the State Soil Geographic
Database (STATSGO) maintained by the Earth System Science Center (Abdulla
et al. 1996). The soil properties datasets include field capacity, wilting point,
saturated hydraulic conductivity, soil types, and porosity. Soil texture is divided
into 16 classes for each layer. In this study, the soil will be divided into 3 layers
extending to 1.4 m depth, with an upper horizon of 0.1 m, a second horizon of 0.3
m and the deeper layer of 1 m.
2.3.2.3

Land Data

The land cover characterization was obtained from the Land Data
Assimilation Scheme (LDAS) at a 1/8 spatial resolution based on the University
of Maryland global vegetation classifications (Hansen and Reed, 2000). There
are total of 14 different land cover classes. Other vegetation parameters such as
architectural resistance, minimum stomatal resistance albedo, roughness length,
zero-plane displacement, rooting depth, and fraction will be specified for each
individual vegetation class.

26

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.

2.4.

Soil Moisture and Drought Index

Drought is caused by inadequate precipitation, when the precipitation
becomes infrequent, it can break the balance with evaporation processes and
drought begins. There are various types of droughts, meteorological drought,
hydrological drought, agricultural drought, and socioeconomic drought (Dracup et
al., 1980; Wilhite and Wood, 1985). Hydrological drought is based on the
inadequacy of water in reservoirs and streams, which relates to the streamflow
and ground water. Agricultural drought refers to conditions in which soil moisture
can not meet the needs of the crops. Researchers predict agricultural drought
using soil moisture data and predict hydrological drought by streamflow
(And read is et al., 2005). Socioeconomic drought focuses on the impact to
people’s lives which occurs when water shortage effect people and the economic
situation (Dracup et al., 1980).
Several drought indices. Surface Moisture Index, Drought Index, the Palmer
Hydrological Drought Index (PHDI), the Palmer Drought Severity Index (PDSI),
Standardized Precipitation Index (SPI) (Mckee et al., 1995), and the satellite
based vegetation and temperature condition index (Kogan, 1995) are used to
monitor drought. Each of the standard indices has its advantages and
disadvantages (Keyantash and Dracup, 2002). The most common drought
indicator is the Palmer Drought Severity Index (PDSI) which has become the
semi-official drought index (McKee et al., 1995). The PDSI was first developed
by Palmer (1965) and utilized temperature and rainfall information. The PDSI is
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effective in monitoring long term drought. Soule (1992) improved the PDSI and
named it the Palmer Hydrological Drought Index (PHDI).
Some researchers have focused on the relation between soil moisture and
drought indices. Dai et al. (2004) discussed the positive correlation between
PDSI and soil moisture during warm seasons. Mika et al. (2005), Makra et al.
(2005) found that the PDSI can be an indicator of soil moisture in East- Hungary.
Sims et al. (2002) reported that the PDSI and the SPI can be used to predict soil
moisture in North Carolina.
Other researchers have tried to use soil moisture as a drought indicator or
combine soil moisture with other drought indices to forecast drought. And read is
et al. (2005) computed agricultural drought and hydrological drought by simulated
soil moisture and streamflow data. Sheffield et al. (2004a) indicated that soil
moisture is a good index of drought, reflecting precipitation and antecedent
conditions and indicating agricultural potential and available water storage. Yang
et al. (2004) utilized soil moisture data to predict the United States summer
climate. The analysis provided an estimate for the potential predictability related
to the soil moisture anomalies. Kochendorfer and Ramirez (2005) examined the
impact of soil moisture to precipitation in the state of Illinois. The study showed
that precipitation significantly contributes to the variability of soil moisture at the
Illinois. Lastly, Lakshmi et al. (2004) found that deep soil moisture anomaly of
the third layer soil moisture can be a drought indicator in the Mississippi River
basin.
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2.4.1

Palmer Drought Severity Index (PDSI) Data

The Palmer Drought Severity Index (PDSI) is a widely used drought index.
The PDSI was developed by Palmer (1965) to represent the severity of dry and
wet, which is based on temperature, precipitation, and soil moisture data (Dai et.
al.,2004). The range of the PDSI values is from -4 to + 4, which was defined by
Palmer, based on his study areas in central Iowa and western Kansas (Palmer
1965). Positive (Negative) PDSI values indicate wet (dry) periods (Table 2-1).
The PDSI data is available from the National Climate Data Center of record from
1900 to present (http://www.ncdc.noaa.qov/oa/ncdc.html). Monthly PDSI values
for a 50 year span (1950 to 2000) in the Upper Colorado River basin were used
in this study.

2.5.

Soil Moisture and Climate Variability

Soil moisture is mainly determined by groundwater holding capacity,
precipitation, runoff, and evaporation (Delworth and Mehta, 1998; Koster and
Suarez, 2001). In turn, soil moisture affects temperature by modifying the release
of latent heat fluxes, and consequently affecting evaporation and precipitation
(Yang, et al., 2004). Many studies have shown that soil moisture impacts climate
in various way, such as predicting droughts (Nicholson, 2000), enhances the
severity and persistence of floods (Bonan and Stillwell, 1998; Hong and Kalnay,
2000 )
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Table 2-1

PDSI Value

Classification

4.00 or more

Extremely wet

3.00 to 3.99

Very wet

2.00 to 2.99

Moderately wet

1.00 to 1.99

Slightly wet

0.50 to 0.99

Incipient wet spell

0.49 to -0.49

Near normal

-0.50 to -0.99

Incipient dry spell

-1.00 t o -1.99

Mild drought

-2.00 to -2.99

Moderate drought

-3.00 to -3.99

Severe drought

-4.00 or less

Extreme drought

The PDSI classifications of wet and dry condition

2000), and determines the predictability of atmospheric surface climate (Wang
and Kumar, 1998).
Delworth and Mehta (1988), Koster and Suarez (1996), and Durre et al.
(2000), demonstrated the impact of modeled soil moisture variability on
atmospheric and precipitation variability. The impact of soil moisture anomalies
on the seasonal atmospheric predictability over North America was investigated
by Wang and Kumar (1998). Wang and Kumar (1998) concluded that
atmospheric potential predictability associated with soil moisture anomalies was
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modest and confined to summer months. Komuscu et al. (1998) investigated the
possible impacts of climate change on soil moisture availability in the southeast
Anatolia of Turkey. Poveda et al. (2001) studied soil moisture and precipitation in
Colombia and demonstrated that soil moisture anomalies account for part of
precipitation reduction in tropical South America through reduction in
évapotranspiration. Yang et al. (2004) predicted the U.S. summer climate
(surface-air temperature and precipitation) with soil moisture. A significant
correlation between soil moisture with precipitation and temperature was found in
the study. Lakshmi et al. (2004) found that the third layer soil moisture has a
strong correlation to precipitation and streamflow in the Mississippi River basin.
Makra et al. (2005) detected 20**^ century variations of the soil moisture content in
East Hungary and the connection between soil moisture and global warming. Wu
and Dickinson et al. (2003) analyzed soil moisture with precipitation (P), runoff
(R), évapotranspiration (ET), and the residual of P-ET-R, respectively. The major
findings of the study were that soil moisture was controlled by temperature under
wet conditions and soil moisture depended largely on ET and runoff for drier
conditions.
The initialization of soil moisture in climates has been shown to be important
in simulating extreme climate events (e.g., droughts and floods) (Namias, 1991;
Atlas et al., 1993; Fennessy and Shukla, 1999). In a climate model, Koster and
Suarez (2001) considered the relation between soil moisture and climate
variability, the variation of evaporation with soil moisture, the variation of runoff
with soil moisture and the correlation between the atmospheric forcing and soil
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moisture. Douville and Chauvin (2000) suggested that seasonal climate
predictions can benefit from a better initialization of soil moisture. Timbal and
Mcavaney (2001) studied how soil moisture influences climate variability over
Australia. Timbal and Mcavaney (2001) stated that soil moisture fluctuation
contributed to an increase of surface temperature and precipitation.
The above research demonstrates that soil moisture does have a significant
impact on climate variability and it is noteworthy to study the relationship
between soil moisture and climate variability.
2.5.1

Streamflow

Two types of streamflow will be utilized in the study; the model simulated
streamflow and observed streamflow. The simulated streamflow from the routing
model will be used to compare with the observed streamflow to calibrate the VIC3L model. Fifty years (1950-2000) daily time step streamflow for the Upper
Colorado River basin will be developed in this research.
Observed streamflow will be obtained from United States Geological Survey
(USGS) National Water Information System Web (NWISWeb)
(http://waterdata.usqs.gov/nwis/) (Slack et al., 1993). The streamflow station
must be unimpaired (i.e., no dams, impoundments, or diversions) since the VIC3L model will not include reservoir routing and is meant to capture the hydrologie
response to climate variability.
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2.6.

Soil Moisture and Oceanic-Atmospheric Patterns

Several studies have focused on the relationship between soil moisture and
oceanic-atmospheric patterns, such as ENSO, the PDG, Pacific Ocean SSTs
and AMO. Studies suggest that hydrologie processes have some relationship to
sea surface temperature (SSTs) in the Pacific Ocean (Piechota and Dracup,
1996, Mantua et al., 1997).
Harshburger et al. (2002) identified the influence of SSTs on winter
precipitation and spring stream discharge in Idaho. Results indicated that winter
precipitation in the northern Idaho Mountains is negatively correlated with fall
SSTs in the eastern tropical Pacific Ocean. Spring stream discharge in Idaho is
also negatively correlated with SSTs in the eastern tropical and northern regions
of the Pacific Ocean. The relationship between SSTs and rainfall variability in
subequatorial America and Africa was studied by Moron et al. (1995). The study
provided a strong influence of the ENSO phenomenon upon South America
(less/more rainfall during an El Nino /La Nina event). Piechota et al. (1997)
studied the teleconnection between ENSO and the hydroclimate of Australia. The
study showed that dry conditions in Australia tend to be associated with El Nino.
Rodo et al. (1997) identified teleconnections between ENSO and North Atlantic
Oscillation (NAO) with south Europe precipitation. Price et al. (1998) noted an
increasing association of northern Israel precipitation to ENSO in the recent
decades. Poveda et al. (2001) studied the seasonality in ENSO-related
precipitation, river discharge and soil moisture in Colombia. The study indicated
that the effects of ENSO were stronger for streamflow than for precipitation. Soil
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moisture exhibited greater negative anomalies during 1997-1998 El Nino. Soil
moisture responded to wetter than normal precipitation conditions during La Nina
1998-1999. Schlosser and Milly (2002) studied the impact of modeled soil
moisture variability and persistence on simulated near-surface atmospheric and
sea surface temperature. The study showed that sea surface temperature highly
associated with soil moisture.
2.6.1

Pacific Ocean Sea Surface Temperatures (SSTs)

Sea surface temperature (SSTs) data are used to help us predict large-scale
atmospheric circulation patterns, to track ocean currents, and to monitor El Nino
and La Nina (Simth and Reynolds, 2002). The SSTs data consists of average
monthly values for each grid cell (2 x2 ) (Smith and Reynolds, 2002). Pacific
Ocean SSTs data will be obtained from the National Climatic Data Center
(NCDC) website (http://lwf.ncdc.noaa.gov/oa/climate/research/sst/). The
proposed range of Pacific Ocean SST used for this research is Longitude 120
West to Longitude 80 East and Latitude 70 south to Latitude 70 north.
2.6.2

Pacific Decadal Oscillation (PDO)

PDO is a long-lived El Nino-like pattern of Pacific climate variability (Tanimoto
et al., 1993), which is comprised of sea surface temperatures in the northern
Pacific Ocean (Mantua et al., 1997). The PDO index is defined as the lead
principal component of north Pacific monthly sea surface temperatures variability
for the region poleward of 20 north. PDO index values are available from the
Joint Institute for the study of the Atmosphere and Ocean, University of
Washington.
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2.6.3 Atlantic Multidecadal Oscillation (AMO)
The Atlantic Multidecadal Oscillation (AMO) is a mode of natural variability
occurring in the North Atlantic Ocean, which is a similar pattern to the PDO. The
AMO is a lead mode of low-frequency. North Atlantic Ocean (0° to 70°) sea
surface temperature (SST) variability with a periodicity of 65 to 80 years (Gray et
al., 2004). The AMO has affected the climate changes over much of the Northern
Hemisphere, in particular. North America. It is associated with changes in the
North American droughts (Gray et al., 2004). Recent research suggests that
AMO is related to the past major drought in North American.
2.6.4

El Niho-Southern Oscillation (ENSO)

The El Nino -Southern Oscillation (ENSO) phenomenon is a global event
arising from large-scale interaction between the ocean and the atmosphere. It is
a result of a cyclic warming and cooling of the surface ocean of the central and
eastern Pacific. It has two phases, El Nino is the warm-phase and La Nina is the
cold phase (Piechota and Dracup, 1996; Piechota et al., 1997). Currently there is
no data set that is universally accepted for the measurement of ENSO (Beebee
and Manga, 2004). Two data sets typically used to evaluate the magnitude of
ENSO include the Nino 3.4 (Trenberth, 1997) sea surface temperature region
and the Troup Southern Oscillation Index (SOI). The Nino 3.4 SST region is
located along the equatorial Pacific Ocean (5° S-5 N, 170°-120°W). The Troup
SOI is the standardized anomaly of the mean sea level pressure difference
between Tahiti and Darwin.
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CHAPTER 3

SOIL MOISTURE AND DROUGHT VARIABILITY IN THE UPPER COLORADO
RIVIER BASIN
3.1.

Introduction

Droughts are characterized by their severity (average water deficiency),
magnitude (cumulative water deficiency) and duration. Definitions vary for the
different types of drought: agricultural, hydrologie, meteorological, and
socioeconomic. Agricultural drought is related to soil moisture, hydrologie drought
to runoff and streamflow, meteorological drought to precipitation, and
socioeconomic drought to the water supply (Dracup et al., 1980). Several drought
indices have been defined for characterization of drought. For long-term drought
characterization, the Palmer Drought Severity Index (PDSI) (Palmer, 1965) is the
most widely used drought index (Cook et al., 1999). Alley (1984) reported that
the PDSI is strongly related to agricultural drought or soil moisture. Dai et al.
(2004) found a positive correlation between the PDSI and soil moisture during
the warm season.
The influence of soil moisture on climate variability has been widely noted in
recent years (Hong and Kalnay, 2000). Soil moisture has a significant impact on
climate variability and components of the hydrologie cycle including precipitation,
streamflow, and evaporation. Higher soil moisture may result in higher
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evaporation and precipitation, and an accurate soil moisture representation can
enhance precipitation predictability (Koster et al., 2000). Dirmeyer and Brubaker
(1999) showed that soil moisture information had the potential to improve
seasonal precipitation prediction. Huang et al. (1996) identified that precipitation
influenced soil moisture anomalies and the soil moisture had greater persistence
during periods of low precipitation. Keyantash and Dracup (2002) showed that
soil moisture was an indicator of agricultural potential and available water
storage, which reflected recent precipitation and antecedent conditions.
Poveda and Mesa (1997) demonstrated that negative soil moisture anomalies
accounted for part of the precipitation reduction in tropical South America through
reduction in évapotranspiration and feedback mechanisms. Timbal and
McAvaney (2001) suggested that a high interannual variability of soil moisture
could potentially play a role in affecting Australian seasonal climate forecasts.
Reichle and Koster (2003) suggested that soil moisture might be important for
seasonal prediction of mid-latitude summer precipitation. Since soil moisture, the
PDSI, and climate variability have such a strong relationship, it is important to
examine how soil moisture influences drought. The study presented here will
focus on investigating soil moisture as a drought indicator.
There are two main objectives in this Chapter. The first objective is to
generate large-scale, long-term, high-resolution soil moisture based on model
calibration and model verification in the Upper Colorado River basin. The second
objective is to examine soil moisture as a drought indicator. The main
contributions of the research in this Chapter are: (a) the development of a 1/8
spatial resolution and a temporal daily time step soil moisture dataset, and (b) the
37
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evaluation of the soil moisture as a drought indicator. Modeling soil moisture is
important because there is lack of large-scale, long-term observations of soil
moisture in the United States. Development of an approach to estimate soil
moisture on a regional scale is of immediate importance. In recent years, the
development and use of land surface modeling schemes to simulate soil
moisture have increased; however, the lack of consistent high-resolution, largescale, long-term modeling soil moisture has prevented certain research, such as
the linkages of the soil moisture with climate variability. Furthermore, soil
moisture as a drought indicator will be evaluated by comparing it with the PDSI,
streamflow, and precipitation in the Upper Colorado River basin.

3.2.
3.2.1

Methodology
Development of Soil Moisture Datasets

In this Chapter, the VIC-3L model (Liang et al., 1994; Todini, 1996) was
utilized to simulate soil moisture at a daily time step with a 1/8° spatial resolution
for the period 1950 to 2000 in the Upper Colorado River basin.
The VIC (VIC-2L, VIC-3L) models have been used for a wide variety of
modeling studies (Abdulla et al., 1996; Maurer et al., 2002). For soil moisture,
Nijssen et al. (2001c) reported a good comparison between the simulated soil
moisture by the VIC-3L and the observed soil moisture in central Illinois and in
central Eurasia. Another study by Maurer et al. (2002) demonstrated that the
VIC-3L modeled soil moisture had a higher persistence than the NCEP (National
Center for Environmental Prediction) reanalysis data for the entire Mississippi
River basins.
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3.2.1.1

The VIC Model Description

The VIC (Variable Infiltration Capacity) model is a macro-scale gridded-based
water and energy balance model, which is based on the water balance equation:
A S ^ p - E T - R - D

(3-1)

where, AS is the rate of the change of storage, p is precipitation, E T is
évapotranspiration; R is surface runoff, and D is subsurface runoff.
Wood et al. (1991) described a single-layer version of the VIC model based
on the Xinanjiang model (Zhao et al., 1980,). Liang et al. (1994) extended the
VIC model to include two soil layers. The current version of the VIC-3L model
consists of three soil layers. Surface runoff is generated in the upper two layers
by a variable infiltration curve, and baseflow is produced in the bottom layer
(Todini, 1996). The amount of infiltration is calculated by the variable infiltration
curve, and the water that cannot infiltrate is removed as runoff. The infiltration
capacity varies and is expressed as:
'=
where, i and

(3-2)

are the infiltration capacity and maximum infiltration capacity,

A is the fraction of an area for which the infiltration capacity is less than / , and b

is the infiltration shape parameter (Zhao et al., 1980).
The VIC-3L model allows different types of vegetation and land cover. The
surface land cover types are described by n=^, 2, 3....N, N+1 {N represents
different types of vegetation, and N+1 represents bare soil). Land cover types are
characterized by their Leaf Area Index (LAI), canopy resistance, root fraction
depth, and soil properties (Liang et al., 1994).
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The VIC-3L model typically runs at spatial resolutions varying from 1/8 to 2 ,
temporal resolutions from monthly to daily time steps, and is forced by
meteorological data, soil data, and vegetation data. The model is coupled to a
routing model, which generates streamflow and transports grid cell surface runoff
and baseflow produced by the VIC-3L model to the outlet of that grid cell, and
then into the river system (Wood et al., 1997). The within cell routing uses a Unit
Hydrograph approach, and the channel routing uses the linearized Saint-Venant
equation (Wood et al., 1997). The distinguishing features of the VIC-3L model
include the sub-grid variability in soil moisture, land surface vegetation,
precipitation, and topography in use of an elevation band (Wood et. al., 1997). A
more thorough description of the routing model is given in Lohmann et al. (1998).
The VIC (VIC-2L, VIC-3L) models have been used for a wide variety of
modeling studies (Abdulla et al., 1996; Maurer et al., 2002). For soil moisture,
Nijssen et al. (2001c) reported a good comparison between the simulated soil
moisture by the VIC-3L and the observed soil moisture in central Illinois and in
central Eurasia. Another study by Maurer et al. (2002) demonstrated that the
VIC-3L modeled soil moisture had a higher persistence than the NCEP (National
Center for Environmental Prediction) reanalysis data for the entire Mississippi
River basins.
3.2.1.2

Data Source

The input data for the VIC-3L model include the meteorological data, soil
data, and vegetation data. The meteorological datasets include gridded daily
precipitation, minimum and maximum air temperature, and wind speed. Daily
precipitation and temperature were obtained from the Cooperative Summary of
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the Day data (http://www.ncdc.noaa.gov/oa/climate/) of the National Climatic
Data Center (NCDC). The daily average wind data were available from the
National Center for Environmental Prediction (NCEP) provided by the National
Oceanic and Atmospheric Administration (NO/\A) (http://wwwpord.ucsd.edu/~sgille/sio221c/ncep_wind.html). These datasets are at a 2.5
spatial resolution and interpolated to a 1/8° resolution for this study. The
shortwave radiation was calculated from the daily temperature and precipitation
based on Thornton and Running (1999). Longwave radiation was calculated as a
function of temperature, precipitation, and atmospheric transmittivity according to
Bras (1990).
The soil properties include field capacity, wilting point, saturated hydraulic
conductivity, porosity, bulk density, and soil types. The raw soil characteristics
data were taken from the Earth System Science Center’s State Soil Geographic
Database Dataset at the Pennsylvania State University
(http://www.essc.psu.edu/soil info) (Abdulla et al., 1996). The current
implementation of the model consists of three soil layers: a top layer of 10 cm
thickness, a middle layer of 30 cm and a bottom layer of 100 cm thickness.
The vegetation file describes the land composition of each grid cell. There are
total of 14 different land cover classes. The land cover characterization was
obtained from the Land Data Assimilation Scheme (LDAS) at a 1/8 spatial
resolution based on the University of Maryland global vegetation classifications
(Hansen and Reed, 2000). Other vegetation parameters such as architectural
resistance, minimum stomatal resistance albedo, roughness length, zero-plane
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displacement, rooting depth, and fraction were specified for each individual
vegetation class.
3.2.2

Model Calibration

Model calibration was performed between the VIC-3L modeled streamflow
and observed streamflow from five stations (Fall Creek, Piney River, Cisco,
Green River, and Lee’s Ferry) (Figure 1-1). There are several reasons for
calibration of streamflow rather than soil moisture. First, long-term observed soil
moisture is not available in the Upper Colorado River basin. Second, the output
of the VIC-3L model are the main input sets of the routing model, so calibration of
the streamflow which is the output of the routing model indirectly calibrates the
VIC-3L model. Third, the soil moisture parameter is one of the most sensitive
parameters in the calibration of the streamflow. Streamflow is a spatially
integrated response of hydrologie processes within a basin, and it is a useful
diagnostic variable for assessing land surface schemes at large spatial scales.
3.2.2.1

Observed Streamflow

The model calibration was performed between observed streamflow and
simulated streamflow. Unimpaired (i.e., no dams, impoundments, or diversions)
streamflow stations were identified from the National Water Information System
Web (NWISWeb) Data retrieval (http://waterdata.usgs.gov/nwis/) of the United
States Geological Survey (USGS) (Slack et al., 1993) and monthly average flow
rate were retrieved.
The monthly streamflow over a 50-year period (1950-2000) for five stations in
the Upper Colorado River basin (Figure 1-1) (Fall Creek, Piney River, Cisco,
Green River, and Lee’s Ferry) were used for calibration. The Fall Creek station is
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in Wyoming and occupies the northern portion of the Upper Colorado River
basin. The following station is the Piney River station near State Bridge in
Colorado and covers the regions between Piney River station and Green River
station. The Green River station is the outlet of the Green River tributary, with a
drainage area of 116,115 km^ and covers the northwest corner of the Upper
Colorado River basin. The Cisco station is the outlet of the Colorado River from
the northeast corner of the basin. The Lee’s Ferry station is the outlet station for
the whole Upper Colorado River and has a drainage area of 289,545 km^.
3.2.2 2 Selection of Sensitive Parameters
The calibration of the VIC-3L model is usually performed by adjusting five
parameters (Wood et al., 1997): (a) the maximum baseflow that can occur from
the third soil layer (in mm/day) (Ds^ax): (b) the fraction of DSmax where non-linear
(rapidly increasing) baseflow begins (Ds); (c) the fraction of the maximum soil
moisture (of the lowest soil layer) where non-linear baseflow occurs (WSmax)', (d)
the infiltration parameter (6,nf); and (e) the depth of the second soil layer (dz).
Since the maximum velocity of baseflow (Ds^ax) depends on hydraulic
conductivity, which can be estimated using the saturated hydraulic conductivity
multiplied by the slope of the grid, the fraction of maximum soil moisture content
of the third layer (Wsmax) is analogous to Ds (Liang et al., 1994; Wood et al.,
1997). These three parameters can be derived from soil textural information, so,
the parameters were used with minor adjustment during the calibration in this
research. Consequently, the infiltration parameter (bint), and the thickness of the
second soil layer (dg) were treated as the primary calibration parameters (Wood
et al., 1997; Su et al., 2005). These two parameters were chosen as the primary
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calibration parameters for several reasons. First, b/nr and dg are the most
sensitive calibration parameters. Second, a change in the thickness of the
second layer effects not only the hydraulic conductivity, but also the maximum
storage available in the second layer and the water available for transpiration.
The plant roots can draw water only from the top two soil layers and the baseflow
was generated only from the third layer in the VIC-3L model. As a result, the flux
of water from the second layer into the third layer determines how much baseflow
will occur. Lastly, the infiltration parameter (bind effects runoff production in the
VIC-3L model. Since a higher b/nf tends to enhance runoff production.
The sensitivity analysis of calibration parameters was conducted for the five
stations (Cisco, Green River, Lee’s Ferry, Piney River, and Fall Creek). Of the
total 50-year record, a 20-year period (1950-1970) was utilized for the calibration
process, and a 30-year data (1971-2000) was used for validation. Model
validation applied the VIC-3L model without changing the calibration parameters
{binf, dz) values obtained from calibration. The root mean squared error (RMSE)

and linear correlation coefficient (r) were the two calibration criteria.
3.2.2.3 Calibration and Verification Steps
The model calibration in the Upper Colorado River basin used the following
procedures based on a trial-and-error method:
a)

Parameters b,„f and dz were selected as the major calibration parameters.

b) The streamflow was simulated by the routing model for the time period
1971-2000.
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c) The RMSE and correlation coefficient r between monthly simulated
streamflow and monthly observed streamflow were calculated for the
period 1971-2000.
d) The values of the calibration parameters b/nf and c/z were maintained if
RMSE and r met the satisfactory criteria, i.e. RMSE was less than 0.70,
and rw as more than 0.75. Otherwise, the values of b,y,f and dz were
adjusted, and then the VIC-3L model and the routing model were rerun to
generate simulated streamflow.
e) Steps b), c) and d) were repeated until the minimum RMSE and
maximum rvalues were obtained and the values of b/nf and dz were saved.
The VIC-3L model and the routing model were carried out with the same
binf and dz values obtained in the calibration period for the validation period

(1950-1970).
3.2.3

Model Verification

The model verification was performed by comparing soil moisture calculated
from the VIC-3L model with that from the Distributed Modeling Intercomparision
Project (DMIP) of the CPC (Climate Prediction Center) for five Climate Divisions
(33, 298, 299, 300, and 337) (Figure 1-1) in the Upper Colorado River basin. Soil
moisture produced by the CPC has been used in climate studies in recent years.
The verification is difficult to perform because different soil layer depths and
different soil moisture reservoir sizes were utilized in the CPC and the VIC-3L
model. The CPC defined the maximum soil moisture capacity as 760 mm
(Refsgaard, 1997) and the soil was set to only one layer with 1.6 m depth. In
contrast, the maximum soil moisture in the VIC-3L model was equal to the
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porosity of the soil, and soil moisture storage expressed as a fraction of field
capacity. Soil was separated into three layers with a total 1.4 m depth in the VIC3L model rather than 1.6 m in the CPC. Because of these differences, the
verification was carried out by a comparison of the soil moisture anomaly
patterns rather than the absolute storage values. The verification relied upon two
criteria: (a) visual comparison of the two simulated soil moisture datasets; and (b)
calculation of the correlation between the two datasets:

where, Sy and S^care the standard deviations of variable j and k respectively, and
COVjk is the correlation between y and k (Davis, 1986).

To calculate the covariance between the two soil moisture datasets, the
corrected sum of products (SP) which shows the sum of squares of variables is
defined by:
(3-4)
where, j is the soil moisture from the VIC-3L model, k is the soil moisture from the
CPC. Xy is the ith measurement of variable y, and Yjk is the fth measurement of
variable k. X - is the mean of variable y, and

is the mean of variable k.

The covariance was then calculated based on SP:

COVj, =

^
n{n -

« -1

^

----

1)
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(3-5)

3.2.4

Comparison of Time Series

The next step was to compare soil moisture with other drought indicators. A
method to evaluate the temporal similarity between time series is wavelet
analysis. Methods used to analyze signals for time variation are standard
techniques such as Fourier and wavelet analysis. The main problem with the
Fourier transform is no time localization of the frequencies are present in the
signal (Torrence and Webster, 1999). Wavelet analysis attempts to solve this
problem by decomposing a time series into time/frequency space simultaneously.
Information on both the amplitude of any periodic signals within the series and
how this amplitude varies with time is provided by wavelet analysis. Recently,
wavelet analysis has become a common tool for evaluating the power spectrum
in hydroclimatic time series and how the dominant frequencies vary over time
(Torrence and Webster, 1999). Wavelet analysis has been used for numerous
studies, including climate variability, the El Nino-Southern Oscillation (Gu and
Philander, 1995), streamflow analysis (Coulibaly and Burn, 2004), ENSOmonsoon system (Torrence and Webster, 1999), and coherent structures in
turbulent flows (Farge, 1992).
The continuous wavelets transform 14/%of a discrete sequence of observations
Xn is defined as the convolution of x„ with a scale s and wavelet ifj{x):

(3-6)
where n is the localized time index, s is the wavelet scale, bt is the sampling
period, N is the number of points in the time series, and the asterisk indicates the
complex conjugate.
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There are many kinds of wavelets. The first step of this study was to choose a
mother wavelet and normalize it at each scale. The Morlet wavelet ip{x) was
taken as the mother wavelet in the study (Farge, 1992). The wavelet function
ijj{x) at each scale was normalized to ensure the wavelet transform at each

scales were comparable to each other. Secondly, the wavelet transforms Wn{s),
at time index n, scale s and with a constant time interval were developed
(Torrence and Compo, 1998) for all the given time series (soil moisture of layer 1,
layer 2 and layer 3, PDSI, precipitation, and streamflow). The wavelet transform
l4/„(s) is the inner product (or convolution) of the wavelet function ip{x). A
minimum scale of 0.5 years and several varying scales (1.0, 2.0, 4.0, 8.0, 16.0,
and 32.0) for all the time series were determined.
Step 3 was graphically representing all of the time series from the wavelet
analysis. By varying the wavelet scale s and translating along the localized time
index n, different normalized transforms of all of the time series were
constructed. Since the wavelet function ifj{x) and the wavelet transform 1/I4?(s) are
complex, a normalized wavelet power spectrum |fF„(.v)f was used for all of the
time series in this study. When all of the wavelet power spectrums |fF„(i')f had
been calculated for all of the time scales (s), frequency/scale representations
(wavelet plotting) showing both the amplitude (power spectrum, |fF„(5)|^) of
features versus the scales (s) and how this amplitude varies with time were
plotted. From the plots, the frequency and the scales of the time series were
evaluated. This identifies the interdecadal variability scales and power spectrum
of all the different time series.
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The last step was to evaluate the similarity between the different time series
in wavelet analysis. The wavelet coherency was used to identify frequency bands
and time intervals where two time series were related (Torrence and Webster,
1999; Liu, 1994). The wavelet coherency R„ is defined as;

where, ( ) indicates smoothing in both time and scale, W„ (s) and

(s) are the

wavelet transforms of two time series X and Y. fVf^(s) is the cross-wavelet
spectrum of X and Y which is defined as:
=

(3-8)

where, (*) means the complex conjugate. Torrence and Webster (1999) identified
the wavelet coherency as an accurate evaluation of covariance between two time
series. The intent of the wavelet coherency analysis is to determine how well soil
moisture represents hydrological drought in the Upper Colorado River Basin.

3.3.

Results

3.3.1

Calibration Results

The results of the calibration are presented in Figure 3-1 and Figure 3-2.
Figure 3-1 shows the values of the RMSE and r according to the changes of the
parameters b,„f and dz for the Green River, Cisco, and Lee’s Ferry stations. The
sensitivity analysis also gave similar results in the two stations (Fall Creek and
Piney River), but they were not presented here. The calibration parameters
present nearly identical patterns and the best results (the lowest RMSE and
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highest r) were located where b,v,f equaled 0.1 and dzwas 0.3 m. For instance,
the Green River station (Figure 3-1 a and 3-1 b) had the highest r (0.76) and the
lowest RMSE (0.68) when b/„fwas 0.1 and dz was fixed at 0.3 m. The same
trends were showed for the Cisco (Figure 3-1 c and 3-1 d) and Lee’s Ferry (Figure
3-1 and 3-1f) stations.
Figure 3-2 compares the monthly modeled streamflow with the observed
streamflow at the Fall Creek, Piney River, Green River, Cisco, and Lee’s Ferry
stations from 1950 to 1960. The maximum error between two streamflow is less
than 5% for the Upper Colorado River basin. The monthly hydrographs closely
match the observations, which indicate very low flows during November to April
and high flows during May to October for the five stations. The model simulations
capture the time of the peak flows, but overestimate the flows in May and June.
This overestimate may be caused by heavy snow melt and the precipitation in
the early summer. The simulation also overestimated the flows in 1950, which
could possibly be due to the initialization of the model, since the VIC-3L model
simulation started in 1950.
A double mass curve is widely used in hydrological study, which is generally
used to plot the cumulative values of one variable against the computed values
of the same variable for the same time period (Searcy and Flardison, 1960). A
double mass curve of cumulated yearly observed and simulated streamflow over
a 50-year period at Lee’s Ferry station was presented in Figure 3-3. The double
mass curve shows a general constant slope (y=x). This confirmed the good
agreement between observed streamflow and simulated streamflow at Lee’s
Ferry station as stated in Figure 3-2.
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Double mass curve of cumulated yearly observed and

simulated streamflow at Lee’s Ferry station.

3.3.2

Verification Results

The CPC soil moisture datasets used for verification were generated from
observed precipitation and temperature (Refsgaard, 1997). Model verification
was carried out for each Climate Division (Figure1-1) and the whole Upper basin.
Only the verification results of the whole Upper basin for period 1950 to 2000
were represented in Figure 3-4. The comparisons of the two soil moisture
datasets demonstrated similar results for the five Climate Divisions as those for
the whole Upper basin in Figure 3-4. A comparison revealed that the seasonal
cycles in soil moisture were well captured and the two models matched
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reasonably well. The soil moisture anomaly in the CPC tended to be higher than
that of the VIC-3L model for the period 1967 to 1972 and tended to be lower for
the period 1977 to 1981. The VIC-3L model predicts soil moisture values 1.5%
lower than the data from the CPC. Figure 3-4b presents the scatter and
correlation of the monthly soil moisture anomalies from the CPC and the VIC-3L
model. The scatter plot illustrates a relatively high correlation of 0.82 between the
CPC and the VIC-3L soil moisture anomalies. The correlations for the five
Climate Divisions (not shown) were 0.80, 0.78, 0.81, 0.83, and 0.83 respectively.
3.3.3

Soil Moisture in the Upper Colorado River Basin

Modeled soil moisture was derived from the VIC-3L model and presented in
Figure 3-5. The daily time scale modeled soil moisture of layer 1, layer 2, and
layer 3 was averaged to monthly values and displayed in Figure 3-5a. The soil
moisture of layer 1 shows a higher frequency of variation and this may be
attributed to the structure of the VIC-3L model, which is that layer 1 soil responds
to precipitation immediately and has a smaller infiltration capacity, in comparison
with the layer 2 and layer 3 soil. The highest amplitudes variation with lowest
frequencies occurred in the layer 3. This suggested that extreme climate occurs
at longer time scales and the soil storage is higher in the deeper soil layer. Soil
moisture data varied from 12.9 mm to 23.4 mm for the layer 1, 37.2 mm to 70.5
mm for the layer 2, and 106.0 mm to 216.7 mm for the layer 3. Soil moisture
values for the layer 2 and layer 3 show some drastic reduction for certain drought
years, for example, 1964 to 1966 and in the late 1970s. The maximum soil
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moisture deficit in layer 3 occurred during the late 1990s, which provides insight
to drought characterization, coincided with the current drought studied by
Piechota et al. (2004).
The variation of the yearly averaged soil moisture was studied for five Climate
Divisions, however, only the results of three Climate Divisions (297, 300, and
337) were presented in Figure 3-5b. High soil moisture occurred from 1982 to
1983; this may due to wet conditions derived by the El Nino event. All Climate
Divisions show a decrease in soil moisture for several periods, for instant, the
year 1956 and 1963, the late 1970s and the 1980s, and the late 1990s.
The averaged monthly values of soil moisture in layer 3 from 1950 to 2000 for
the five climate divisions are presented in Figure 3-5c. Soil moisture reaches a
maximum in late spring, which is largely due to spring snowmelt. Soil moisture
declines during the summer months, when temperatures are the highest and
évapotranspiration rates reach a peak. Soil moisture is restored during late fall,
which may be attributed to late summer precipitation and/or early winter
precipitation.
Figure 3-6 displays modeled deep layer soil moisture and modeled
streamflow at Lee’s Ferry from 1950 to 2000. Three peak streamflow and soil
moisture were seen in the years of 1980, 1983, and 1993, respectively. Both
modeled soil moisture and streamflow decrease dramatically during the period of
1953 to 1956, 1959 to 1964, and 1988 to 1992, which is consistent with the
results in Section 4.4.4. A high correlation between modeled deep layer soil
moisture and modeled streamflow was also seen in Figure 3-6.
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Lee’s Ferry

3.3.4

Comparison of Soil Moisture and Drought Indicators

Wavelet analysis was conducted on six time series: soil moisture of layer 1,
soil moisture of layer 2, soil moisture of layer 3, streamflow at Lee’s Ferry,
precipitation, and the PDSI in the Upper Colorado River basin. Monthly
precipitation for all of the Climate Divisions in the United States was obtained
from the Climate Database of the NCDC
(http://www.ncdc.noaa.gov/oa/climate/climatedata.html/).The PDSI was
developed by Palmer (1965) to represent the severity of dry and wet conditions
based on temperature, precipitation, and soil moisture data (Dai et. al., 2004).
The ranges of the PDSI values are from - 4 to + 4, where positive (negative)
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PDSI values indicate wet (dry) periods. The PDSI has typically been calculated
on a monthly basis, and a long-term monthly PDSI values for every Climate
Division in the United States were available in the National Climatic Data Center
from 1895 through the present (http://www1.ncdc.noaa.gov/pub/data/cirs/).
The wavelet power spectrum for these six time series are presented in Figure 37, which shows the temporal fluctuation of the variables over the entire 50-year
period. For soil moisture of layer 1, layer 2, and layer 3 (Figure 3-7a, b, and c),
the power is widely distributed, with peaks in the 1-year, 4-8 year and the 8-16
year bands. The 1-year frequency band in the soil moisture of layer 1 coincides
with the annual cycle precipitation (Figure 3-7f). The wavelet results of the PDSI
display a dominant feature of a high spectrum for the period of 4-8 year,
representing the periodicity of 4-8 years frequency cycle coincides with the El
Nino event. Variance changes similar to the soil moisture are found in the PDSI
(Figure 3-7d), and streamflow (Figure 3-7e) over the 4-8 year and the 8-16 year
bands which means that the soil moisture is closely linked to the PDSI and
streamflow. Over the entire range of frequencies and time periods, the most
similar wavelet power spectrums are for soil moisture of layer 3 and the PDSI.
There is a significant covariance between them in the 4-8 year band. This is
expected since the PDSI is partially computed based on soil moisture values.
Furthermore, Lakshmi et al. (2004) found similar results for the Mississippi River
basin.
To further investigate the similarities of the six time series, wavelet coherency
was performed between all of the time series. Figure 3-8 depicts the wavelet
coherency of soil moisture of layer 1 with the PDSI (Figure 3-8a), soil moisture of
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layer 2 with the PDSI (Figure 3-8b), and soil moisture of layer 3 with the PDSI
(Figure 3-8c). The wavelet coherency between soil moisture of layer 1 and the
PDSI is greater than 0.8 for most times in the 1-2 year band, and it exceeds 0.85
during the intervals from 1965 to 1980. The coherency between soil moisture of
layer 2 and the PDSI demonstrates high values for in the 2-4 year band and in
the 4-8 year band. The soil moisture of layer 3 and the PDSI identify significant
coherency in the 4-8 year band and the 8-16 year band, with relatively low
coherency outside of these periods, which indicates that the soil moisture is
strongly correlated to the PDSI at the similar frequency patterns as the El Nino
(every 3-7 years). The changes in the PDSI and soil moisture of layer 3 appear
with high coherency from 1955 to 1985.

Soil

Coherency

Moisture

Layer 1

(95%significant)

Soil Moisture

Soil Moisture

Layer 2

Layer 3

Soil Moisture Layerl
Soil Moisture Layer2

0.9

Soil Moisture Layer3

0.82

0.87

PDSI

0.84

0.86

0.88

Streamflow

0.83

0.85

0.87

Precipitation

0.85

0.87

0.86

Table 3-1

Coherency between the six time series: soil moisture of layer

1, soil moisture of layer 2, soil moisture of layer 3, the PDSI, precipitation, and
streamflow.
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Wavelet power spectrum of the six time series: (a) soil

moisture of layer 1, (b) soil moisture of layer 2, (c) soil moisture of layer 3, (d) the
PDSI, (e) streamflow, and (f) precipitation. The scale of the power spectrum is a
loga representation of the power spectrum value.
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Table 3-1 summarizes the coherency between the six time series of 95%
significant level. Similar to the comparisons made in Figure 3-8, the coherence
between the soil moisture of layer 1 and the soil moisture of layer 2 is 0.9. This
represents the high amount of interflow between these two soil layers. The PDSI
and the soil moisture of layer 3 are coherent at 0.88. This suggests that the soil
moisture of layer 3 could be utilized as an indicator of extreme climate conditions
(e.g., droughts and floods). Lastly, precipitation and the soil moisture of layer 3
have a moderate coherency (0.85) that further highlights the usefulness of the
soil moisture of layer 3 as an indicator of hydroclimatic conditions. The coherency
between precipitation and the soil moisture of layer 1, precipitation and the soil
moisture of layer 2 are 0.85 and 0.87 respectively. This may be due to the quick
response of the layer 1 and layer 2 soils to the precipitation.

3.4.

Conclusions

The study presented a simulation of soil moisture by the VIC-3L model at a
1/8 resolution and a daily time step over a 50-year period in the Upper Colorado
River basin. This simulation offered a spatially and temporally long-period, highresolution soil moisture dataset for the Upper Colorado River basin. The lack of
measured soil moisture suggests that modeled soil moisture may be a good
alternative. The observed and simulated values were in reasonably good
agreement and differences between simulated and observed streamflow never
exceeded 5% during the validation period. The model verification was performed
by comparing simulated soil moisture from the VIC-3L model with that from the
CPC center. During the verification test, it was noteworthy that the two soil
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moisture datasets showed similar variability and the correlation between them
was relatively high (0.82). The 50-year simulations over the Upper Colorado
River basin indicated that the VIC-3L model was able to produce the streamflow
and soil moisture quite well.
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Figure 3-8

Wavelet coherency between; (a) the PDSI and soil moisture

of layer 1, (b) the PDSI and soil moisture of layer 2, and (c) the PDSI and soil
moisture of layer 3.
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CHAPTER 4

SPATIAL AND TEMPORAL MONITORING OF DROUGHTS IN THE
COLORADO RIVER BASIN
4.1.

Introduction

Soil moisture is a significant hydrological variable related to floods and
droughts. It plays an important role in the process of precipitation into runoff and
groundwater storage. Soil moisture influences the future state of the landatmosphere system. A soil moisture deficit results in more infiltration and little
runoff when followed by precipitation. However, high soil moisture results in
overland runoff and possible flooding when followed by precipitation or storms. In
addition, wet soil moisture promotes vegetation growth in the summer and this
leads to high évapotranspiration. Therefore, soil moisture controls the interaction
of the land with the atmosphere.
Studies have shown that soil moisture is strongly related to droughts, which
are characterized by their severity, magnitude and duration (Dracup et al., 1980).
The influence of soil moisture on climate extremes (drought and flood) is of
considerable importance in hydrology. Maurer et al. (2001a) and Maurer et al.
(2001b) showed that soil moisture acts as feedback on climate variability in
various ways. Dirmeyer and Brubaker (1999) stated that soil moisture had the
potential to improve seasonal precipitation prediction under certain environmental
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conditions. This is consistent with the findings of Huang et al. (1996). Keyantash
and Dracup (2002) showed that soil moisture was an indicator of agricultural
drought and water storage. A Soil Moisture Deficit Index (SMDI) was developed
by Narasimhan and Srinivasan (2005) to evaluate agricultural drought. A recent
study by Lakshmi et al. (2004) acknowledged that the deep layer soil moisture
anomaly was a good drought indicator in the Mississippi River basin.
Soil moisture interacts with the atmosphere through surface energy and water
balances. Poveda et al. (2001) examined soil moisture, ENSO (El Nino-Southern
Oscillation), and precipitation in Colombia and demonstrated that soil moisture
accounted for part of precipitation reduction in tropical South America through
reduction in évapotranspiration and feedback mechanisms. In evaluating the soil
moisture and climate variability over Australia, Timbal et al. (2001) determined
that soil moisture played a role in affecting Australian seasonal climate forecasts.
The PDSI, which was created by Palmer (1965), is the most widely used
index of meteorological drought in the United States. Recent research has
focused on the relationship between soil moisture and the PDSI. Dai and
Trenberth (2004) determined that soil moisture was strongly related to the PDSI.
Sheffield et al. (2004b) identified that the Variable Infiltration Capacity (VIC)
drought index based on soil moisture showed good correlation with the PDSI in
the United States. In evaluating drought in East Hungary, Makra et al. (2005)
defined the PDSI as an indicator of soil moisture and this was consistent with the
study of Szep et al. (2005) that the PDSI is significantly related to soil moisture.
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Several studies have looked at the character of soil moisture. Entin et al.
(2000) examined the temporal function of soil moisture, and suggested that it
was related to infiltration, cloud coverage, precipitation, and drainage. In
evaluating water resources in small catchments, soil moisture varied spatially
due to water routing processes, vegetation, and soil types (Hu et al., 1997).
The hydrological status of a watershed is sometimes established based on
the amount of streamflow, but more robust indicator which represents the
synergism of hydrology, climatology, and ecology status would be the soil
moisture. Soil moisture integrates the hydrologie wetness of a watershed and it
may be noteworthy to study droughts based on soil moisture.
Trenberth and Guillemot (1996) and mo et al. (1997) stated that three main
contributors to drought: land and sea surface temperature, atmospheric circle,
and soil moisture. Changes of each of these parameters are amplified to produce
climate extreme such as flood or drought. To better understand these three
parameters are in considerable important.
The goal of this Chapter was to improve the understanding of temporal and
spatial variations of soil moisture as related to droughts. Soil moisture varies both
temporally and spatially in response to climate processes over a variety of
scales. However, the relative importance of the temporal and spatial soil moisture
influence on the climate extremes (i.e. droughts) is still poorly understood.
Therefore, the comprehensive investigation of spatial and temporal soil moisture
on drought will be a significant contribution.
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To attain the research goal, simulated soil moisture generated from the
Variable Infiltration Capacity three Layer (VIC-3L) model was used in this study
for the Colorado River basin. Spatial variability of soil moisture was evaluated by
map analysis and the f-test method. The temporal variability of soil moisture was
evaluated by investigating the soil moisture anomalies during pre-drought,
drought, and post-drought years.

4.2.

Data Sets

4.2.1

Soil Moisture Data

In the United States, the Illinois State Water Survey Department started to
observe soil moisture in the 1980s. Approximately 30 stations of observed soil
moisture data are available in the United States and most stations are located in
Illinois and Iowa (Robock et al., 2000). Observed soil moisture data are available
from the web site of the Global Soil Moisture Data Bank
(http://climate.envsci.rutqers.edu/soil moisture) and also from the National Water
and Climate Center (http://www.wcc.nrcs.usda.qov/scan/index.html). However,
no observed soil moisture is available in the Upper Colorado River basin.
Because of the lack of large scale and long-term observations of soil moisture in
the United States, the use of simulated soil moisture from hydrological mode has
been widely used. Soil moisture data used in this study were generated from the
Variable Infiltration Capacity three Layer (VIC-3L) model. The VIC-3L model was
run at a daily time step and a 1/8 spatial resolution for the period 1950 to 2000,
which resulted in 1960 grids (Figure 4-1) for the Upper Colorado River basin. The
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VIC-3L model had been successfully applied over many large river basins with
reasonable results (Abdulla et al., 1996; Maurer et al., 2002). The VIC-3L model
is a macro-scale gridded-based water and energy balance model, based on the
Xinnan Jiang Model (Zhao et al., 1980). The distinguishing features of the VIC-3L
model include the sub grid variability in soil moisture, land surface vegetation,
precipitation, and topography in use of the elevation band. A more thorough
description of the model is given in Liang et al. (1994) and in Tang and Piechota
(2006) for the Upper Colorado River basin.
Input data sets of the VIC-3L model for the Upper Colorado River basin
included meteorological data, vegetation data, soil data, and elevation data. The
meteorological data sets include g ridded daily precipitation, minimum and
maximum air temperature, and wind speed (Maurer et al. 2002), which were
available from the National Center for Environmental Prediction (NCEP) provided
by the National Oceanic and Atmospheric Administration (NCAA). The vegetation
file describes the land composition of each grid cell, which was developed from
the University of Maryland 1 km Global Land Cover product. A land cover map
(Figure 4-2b) was developed by using the vegetation data. Soil data sets include
field capacity, wilting point, saturated hydraulic conductivity, bulk density,
porosity, and soil types, which were obtained from the State Soil Geographic
Database (STATSGO) maintained by the Earth System Science Center. A soil
type map (Figure 4-2c) was created from the soil data sets. The mean elevation
(Figure 4-2a) was used as a reference for the soil layer depth (Abdull et al..
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1996), which was available from the United States Geological Survey (USGS) 30
arc-second (about 1 km) Digital Elevation Model (DEM).
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The soil column was separated to three layers, 10 cm for layer 1, 30 cm for
layer 2, and 100 cm for layer 3 in the VIC-3L model in this study. The soil
moisture of layer 3 was utilized in the following study, since near surface layers
(layers 1 and 2) respond quickly to short- term precipitation, but the deep layer
(layer 3) reflects long-term drought since this water is available for the aquifers
and rivers and this was also noted by Lakshimi et al. (2004).
Although simulated soil moisture is the only alternative for actual observations
over large scale, long term, and high resolution, their accuracy must be sufficient
in their use. Maurer et al. (2001a) compared soil moisture data with
measurements from the Illinois soil moisture network showed that the VIC-3L
model captured the changes in soil moisture and soil moisture persistence well.
In addition, the authors (Tang and Piechota, 2006) have performed an extensive
calibration and verification for the Upper Colorado River basin.
4.2.2

The PDSI Data

The PDSI was used to represent the severity of dry and wet conditions, based
on temperature, precipitation, and soil moisture data (Dai et al., 2004). The range
of the PDSI values is from -4 to +4, which was defined by Palmer (1965)
according to a study area in central Iowa and western Kansas. Positive and
negative PDSI values indicate wet and dry conditions. The gridded PDSI data is
available from the National Climate Data Center of record from 1900 to present
(http://www.ncdc.noaa.qov/oa/ncds.htmh. Monthly PDSI values for a 50-year
span (1950 to 2000) over five Climate Divisions (Climate Divisions 33, 297, 299,
300, and 337) were used in this study (Figure 4-1).
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4.3.

Methodology

The relationship between soil moisture and the PDSI for the Upper Colorado
River basin was first evaluated by linear correlation method. Next, the spatial
variability of soil moisture during drought, normal, and wet years was investigated
by using map analysis and the f-test method. Finally, the role of the temporal
variability of soil moisture during the initiation, persistence, and termination of
drought was evaluated by map analysis. A detailed description of these methods
followed.
4.3.1

Correlation between the PDSI and the Soil Moisture

An evaluation was performed between the PDSI and the soil moisture in five
Climate Divisions and the whole Upper Colorado River basin. The technique to
compare the PDSI and the soil moisture was to compute the covariance between
them for each Climate Division. To calculate covariance between the PDSI and
soil moisture, corrected sum of products which shows a quantity analogous to the
sum of squares of variables was calculated. The correlation coefficient rwas
used to estimate the interrelation between variables. Correlation was the ratio of
the covariance of two variables to the product of their standard deviations. The
results of this analysis provided insight to how well soil moisture can be used as
a drought indicator in the Upper Colorado River basin.
4.3.2

Spatial Variability of Soil Moisture during Drought
4.3.2.1

Map Analysis

The primary strengths of the map analysis are to identify the regional extent
of soil moisture anomaly changes and to highlight areas that become sensitive to
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drought and wet variability. Initially, the 50 year period was divided into drought,
normal, and wet years. There are different classifications of drought; one of the
most widely used methods is defining a threshold level of drought index (e.g.
PDSI), below which a drought occurred (Dracup et al., 1980). In this study, the
PDSI value o f -1 was selected as the threshold. Drought was defined as the
consecutive years during which the PDSI variable was continuously below -1.
The normal years were defined as the years with the PDSI values between -1
and 1. The wet years were identified as the PDSI greater than 1. This resulted in
19 drought, 14 normal, and 17 wet years over the 50-year records. Secondly,
gridded yearly average soil moisture and soil moisture anomaly for the drought,
normal, and wet years were calculated. Finally, maps displaying the temporal
and spatial variability of soil moisture were developed.
4.S.2.2 T-Test
The f-test is the most widely used statistical test. It is a powerful statistical tool
for identifying the statistically difference between two variables. Neely et al.
(2003) and Livingston and Cassidy (2005) provided a detailed discussion of the
theory of f-test, as applied in the current study. The basic equation for the f- test
is:
(4-1)

t=

where, SE{X - Y) is the stand error of the difference between two variables X and
y. X is the mean of X, and Y is the mean of Y.
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Initially, the f-test method was used to identify the significant difference when
comparing the average soil moisture anomalies in normal years with that in the
drought years and wet years for the whole basin. The f-test evaluated how
different the soil moisture was in the three periods. Secondly, a grid-to-grid f-test
was performed for the 1960 soil moisture grids between drought and normal
years, wet and normal years, and drought and wet years over the basin.
4.3.3

Temporal Variability of Soil Moisture during Drought

The drought events were identified over a 50-year record based on the PDSI
values which resulted in 19 drought years and four drought events. In general,
two years before and after the drought were chosen for the pre-drought and post
drought analysis, so the soil moisture anomaly response before and after a
drought event could be evaluated. A total 19 drought years, 8 pre-drought years,
and 8 post-drought years were evaluated in the map analysis. Secondly, the
areas were defined as in dry, normal, and wet conditions based on soil moisture
anomalies, and used the following classification scheme: dry condition (soil
moisture anomaly below -10 mm), normal condition (soil moisture anomaly
between -10 mm and 10 mm), and wet condition (soil moisture anomaly greater
than 10 mm). The percentages of the basin in different conditions were
calculated for pre-drought, drought, and post-drought years.
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4.4.
4.4.1

Results

Correlations between Soil Moisture and the PDSI

Figure 4-3 represents the correlations between the PDSI and soil moisture in
the five Climate Divisions, 33, 297, 299, 300, and 337 (Figure 4-1) and in the
entire Upper Colorado River basin. The strongest correlation (0.94) between the
PDSI and soil moisture was for the entire Upper Colorado River basin (Figure 43f). The high correlation confirms that there is a strong relationship between soil
moisture and the PDSI. The following less pronounced correlations were
indicated in Climate Division 297 and 33; the correlation coefficients were 0.83
and 0.81. These two regions are in high elevation (Figure 4-2a) with needle leaf
forest (4-2b), and rich loam clay (4-2c). The correlation coefficients in Climate
Divisions 337, 299, and 300 are 0.76, 0.73, and 0.72, respectively. These
correlation coefficients are still relatively high.
It is important to note here that the purpose of this analysis was to identify soil
moisture as a drought indicator in the Upper basin. The higher correlations
indicate that soil moisture is related to the PDSI. This is to be expected since the
PDSI is partially computed, based on soil moisture values, and Lakshmi et al.
(2004) found similar results for the Mississippi River basin. The high correlation
coefficients also show that the spatial structure of soil moisture is highly
persistent for the five Climate Divisions.

75

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.

150 1

a

150

Climate Division 33

^ •1 *

r=

_#

Climate Division 298

b

•

B 100
a
•s ^0

0.81

•
•••
^ •1 •

E

5

#

#

0

•

r = 0.83

/

»
5

-50

5

-100

S

I

.2

•

o

. . - “I

•

-100

-150

-150

11

6 - 4 - 2

2

4

6

1

-6

-4

-2

C

eo

2

150

150

a
m'

0

4

6

PDSI

PDSI

Climate Division 300

d

Climate Division 299

100
%

50 «
m. .1 ; . r

c

r - 0 .7 3

50

* -

; r = 0.72

0

-50 -

-50
-100

-150

-150
6

-4

-2

C

2

4

6

8

-6

-4

-2

1

2

4

6

^DSI
150

150
100

e

f

Climate Division 337

-

#

E
^0
O
Ç

••
•

,

,•

a

#

li

.2 -50
o
E

S -100

5 -100

-150

-150
- 4 - 2

0

* .

-3 50
eO
a 0
5

r = 0.76

o -50

-6

Upper Colorado River Basin

4t/L
% •

-4

2

PDSI

Figure 4-3

r = 0.94

4

0

2

PDSI

The correlation between soil moisture anomaly and the PDSI

for five Climate Divisions and the Upper Colorado River basin.

76

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.

1

4.4.2 Spatial Variability of Soil Moisture
4.4.2.1

Map Analysis Results

Figure 4-4 represents soil moisture maps, displaying the 50-year average
gridded soil moisture (Figure 4-4a), the average soil moisture anomaly for the
drought years (Figure 4-4b), the normal years (Figure 4-4c), and the wet years
(Figure 4-4d). There were six regions with low soil moisture in Figure 4a, four of
them, regions 1, 2, 3, and 4, were located in the western-central Upper Colorado
River basin. These regions are mostly located in the Colorado plateau with
barren or sparse vegetation (Figure 4-2b). Region 1 had the lowest average soil
moisture, where the average soil moisture was below 20 mm. Another two
regions, regions 5 and 6, with lower soil moisture, were identified in the lower
portion of the basin, with barren or sparse vegetation (Figure 4-2b) and sandy
soils (Figure 4-2c). The soil moisture in Climate Division 33 was higher than that
of other Divisions. The deep loam clay soil (Figure 4-2c) is the major soil type
and the needle leaf forest (Figure 4-2b) comprises most part of this Division.
Three regions, regions 7, 8, and 9, with high soil moisture stand out. Region 7
was in the upper corner of the basin, which is affected by snow melt. Regions 8
and 9, along the east of the basin, are also affected by snow melt and have more
vegetation, which leads to deep, dark, and rich soils.
Three maps (Figures 4-4b, 4c, and 4d) show the spatial patterns of soil
moisture anomalies for different time periods: drought, normal, and wet years.
When taken together, the three maps display a spatial picture of the changes of
soil moisture anomalies for three different periods. Two regions, regions 1 and 2
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(Figure 4-4b), were identified with lower soil moisture anomaly over the drought
years. These regions are mostly covered by shrub land, and some areas are
comprised of barren or sparse vegetation. The soil moisture anomaly during the
drought years ranged from - 40.00 mm to 0 mm with the averaged value of -12.7
mm.
The soil moisture anomaly displays a lower variation with lower amplitudes in
normal years (Figure 4-4c), in which the average soil moisture anomaly was 0.7
mm. Two distinct regions (Figure 4-4d) were identified as being sensitive to wet
conditions. These two regions have a similar spatial concentration in comparison
with the significant regions in the drought map (Figure 4-4b). The response
pattern of vegetation to drought and wet conditions may contribute to the
sensitivity of the soil moisture anomaly to the drought and wet conditions.
4.4.2 2 The T-Test Results
The t-test resulted in statistically significant difference between the average
soil moisture in drought, normal, and wet years over the Upper basin. In addition
to the evaluation of the soil moisture for the entire basin, the individual grids were
compared and tested. The results of grid-to-grid f-test values are displayed in
Figure 4-5. One distinct region (northern-central basin), where the f-test values
were above 4.00 (99% confidence level), was identified in Figure 4-5a. The
difference was also apparent in the wet years and drought years (Figure 4-5c) in
this region, in which the f-test values for most grids were greater than 6.0, which
is also significant at a 99% confidence level. The similar significant spatial
regions were also identified in the Section 4.4.2.1. It is noteworthy that the
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northern-central region Is sensitive to the drought and wet conditions, where
shrub land and sparse vegetation (Figure 4-2b) are the main characteristics.
Additional, the average f-test value for the normal and drought years was 1.8
which is significant at the 95% confidence level, and it was 3.9 (99% confidence
level) for the drought and wet years. In general, soil moisture anomalies in
drought and wet years are significant different with that in the normal years, and
soil moisture anomalies are more sensitive during drought years as compared to
wet years.
4.4.3

Division Scale Soil Moisture and Drought Periods

Figure 4-6 displays the yearly soil moisture and the accumulated soil moisture
anomalies for four drought periods (as represented by the gray bars) for five
Climate Divisions, 33, 297, 299, 300, and 337. It gives the information about
where and when the lowest soil moisture occurred during droughts in the Upper
Colorado River basin. The yearly variation of the soil moisture was quite different
between Climate Divisions, indicating the spatial variation in soil moisture values.
The Climate Divisions 299 and 300 exhibited similar values; this is to be
expected since those two Divisions are neighboring. Whereas, for comparison,
the average soil moisture was 170 mm in Climate Division 297, 138 mm in the
Climate Division 33, 75 mm in the Climate Division 299, 70 mm in the Climate
Division 300, and 90 mm in the Climate Division 337.
Four drought periods (Figure 4-6), as defined in Section 4.3.2.1, were
identified for the 50-year records. The four drought periods are the years from
1953 to 1956, 1959 to 1964, 1974 to 1978, and 1988 to 1992, which coincide
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with the studies of Sheffield et al. (2004a) and Timilsena et al. (2006). It is
evident in Figure 5 that, accumulated soil moisture anomalies were negative for
the four drought periods, especially in Climate Divisions 33, and 297.
The accumulated soil moisture anomalies of drought from 1953 to 1956 were
lowest in Climate Division 300. The accumulated soil moisture anomalies for
drought from 1959 to 1964 had the lowest values for two Climate Divisions (e.g.
33 and 299). And read is and Lettenmaier (2006) noted that the 1950s drought is
one of the worst in the 20'*^ century. The accumulated soil moisture anomalies of
the drought from 1988 to 1992 had the lowest value (-194 mm) for Climate
Division 297, and it was also the lowest one (-85 mm) for Climate Division 337.
Trenberth and Branstator (1992) found similar results, that the drought of 1988 to
1992 is the most severe agricultural (soil moisture) over the United States. Also
notable is the higher soil moisture in the year 1982 and 1983, which may be
caused by the flooding conditions derived from the El Nino.
4.4.4

Temporal Variability of Soil Moisture

The soil moisture anomalies in three periods; pre-drought, drought, and post
drought years for the four drought periods were identified and displayed in
Figures 4-7, 4-8, 4-9, and 4-10, respectively. Yearly average soil moisture
anomalies for the four drought periods are showed in Table 4-1. The percentages
of regions in dry, normal, and wet conditions for the pre-drought, drought, post
drought years are also displayed in Table 4-1.
For the drought from 1953 to 1956, the end occurred due to spring rains of
1957 ( Sheffield et al., 2004a). For the pre-drought year of 1951, over 66% of the
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Upper Colorado River basin experienced dry conditions (soil moisture anomaly
below -10 mm). However, in 1952, only 16% of the basin had dry conditions.
Sheffield et al. (2004a) noted that the surface was dry but the deeper layer soil
was wet in 1952 due to long-term variation in climate. During the drought period
(1953 to 1956), over 50% of the basin had negative soil moisture anomalies.
Lower soil moisture anomaly might have played a major role in accelerating the
widespread of the drought. The average soil moisture anomaly reached a
historical low value o f -26.13 mm, and 83% of the basin had dry conditions. The
sudden increase of the soil moisture anomalies and decrease of dry regions in
1957 were due to the spring rain in 1957 (Sheffield et al., 2004a). Less than 50%
of the basin had negative soil moisture anomalies in two post-drought years
(1957 and 1958). Average soil moisture anomalies increased to positive values
(Table 4-1) in 1957 and 1958, which signaled the end of the four year drought.
The drought of 1959 to 1964 was another long-period drought. Ten maps
showing the temporal patterns of the soil moisture anomalies during the pre
drought (1957 and 1958), drought (1959 to 1964), and post-drought (1965 and
1966) are displayed in Figure 8. The maps indicate that there was less than 50%
of the basin with soil moisture anomalies below -10 mm in the pre-drought years
(Figures 4-8a and 4-8b). The patterns of the dry conditions (more than 45%)
were extended widely in 1959, 1961, 1963, and 1964. 1960 and 1962 stand out
with only 39% and 26% of the basin in dry conditions, which is consistent with the
study of Andreadis and Lettenmaier (2006). The average soil moisture anomaly
was negative from 1959 to 1964, with the exception of the year 1962; this

84

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.

a

P re -d ro u g h t

b

1951

66%

P re -d ro u g h t

1952

c

D ro u g h t

1953

D ro u g h t

1956

58%

16%

%»

A

A

d
65 %

D rought

e
73%

1954

D ro u g h t

1955

f
83%

i

#

#R
c"
4 !^
N

' 400

A

A

muumKilometers

g

P o st-d ro u g h t

43",-.

h
14%

1957

r:.

0 50)00 200 300

P o st-d ro u g h t

400

A

1958

soil moisture anomaly (m m )
140 - -40

Figure 4-6

: -39 - -20

-19

-10 m m -9 - 0 '

0 - 10 ■ ■

11 - 20

WÊÊ 21

- 40 ■ ■

41 - 140

Soil moisture anomaly with the percentage of dry regions for

the pre-drought, drought, and post-drought periods of the year 1951 to 1958.

85

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.

a

P o s t-d ro u g h t

b

1957

P ost-d ro u g h t

1958

c

D ro u g h t

1959

6 9%

43%

V *:'.

■

■'

é

A

$

:
20»

300

»5 0.0U

200_^

D ro u g h t

1960

/ -

À

ft 50100

m

d

30%

0 58 100

40fi^----------

ZOO

300

480...

0 56 100 200 360 -100.,
K T K : ^ ^ B i( = a M ^ K ilo iiw l« r s

e

D ro u g h t

47%

f

1961

26%

6 *

D ro u g h t

1962

Jg.

g

D ro u g h t

1963

b

D ro u g h t

80%

« %

f

j

» 50IW

IIHI

360

0 50 100

400

200

3W

400..

P o st-d ro u g h t

0 50100

1965

j

200

300

P ost-d ro u gh t

"

:

-

0 50 100

400 _

1964

fia

^

200

300

-

4 0 j^

^

1966

14%

soil moisture anom aly (m m )

I

|.]40--40

Figure 4-7

- 39-- 20

-1 9 --1 0 ^ -9 -0 # N O -1 0 m m il-2 0 g # 2 ]-4 0 m m 4 1 -1 4 (l

Soil moisture anomaly with the percentage of dry regions for

the pre-drought, drought, and post-drought periods of the year 1957 to 1966.

86

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.

a

P r e -d r o u g h t

J972

b

39%

P re -d r o u g h t

0 5 0 100

200

300

400

0 5 0 100

200

300

K ilom eters

D ro u g h t

1 97 3

10%

1974

d

K ilom eters

D ro u g h t

1975

52%

57%

400

e

D ro u g h t

1976

73%

-

li

/‘

'

S'

J #

A

A

A

0

f

D ro u g h t

P o s t- d ro u g h t

1977

1978

h

50 100

200

300

40«.
K ilo m e te rs

P o s t-d ro u g h t

1979

8%

90%

j

A

A

soil moisture anomaly (m m )
-140 - -40

Figure 4-8

-39 - -20

-1 9 --1 0

-9 - 0

WSÊ 0 -

10 ■ ■

11 - 20 ■ ■

21 - 40

41 - 140

Soil moisture anomaly with the percentage of dry regions for

the pre-drought, drought, and post-drought periods of the year 1972 to 1979.

87

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.

suggests that having average soil moisture anomalies above zero for a single
year is not enough to end a drought. The normal regions increased to more than
40% of the basin and the average soil moisture anomalies were positive for the
two post-drought years (Figure 4-8i, 4-8j). The interesting result is that drought
did not end until soil moisture anomalies (Table 4-1) of two continuous years
return to positive values and more than 40% of the basin had normal conditions
in 1957 and 1958.
Figure 4-9 shows the temporal analysis results for another drought event
(1974 to 1978). Less than 40% of the basin had dry conditions and average soil
moisture anomalies decreased in the two pre-drought years. For the four drought
years, more than 50% of the basin had dry conditions. It is notable that averaged
soil moisture anomalies reached a historical low level o f-37.25 mm, with 90% of
the basin had dry conditions (Figure 4-9f) in 1977. Cook et al. (1999) noted that
the 3'^'^ severest drought occurred in 1977 during the periods of 1700 to 1978.
However, this only persists for one year, after which the basin became wet. Less
than 20% of the basin was dry in 1977 and 1978, and average soil moisture
anomalies (positive) increased for the two post-drought years.
The drought of the years from 1988 to 1992 (Figure 4-1 Oc to 4-1 Og) cost more
than $30 billion losses over the United States and has been considered to be one
of the worst disaster in U.S. (Trenberth and Branstator, 1992). The main factors
in the development of this drought were the combination of the sea surface
temperature, associated with the La Nina and the feedback of soil moisture with
precipitation (Trenberth and Branstator, 1992).
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The two pre-drought years had only 10% of the basin in dry conditions.
However, more than 50% of the basin had dry conditions for three out of the five
drought years. The average soil moisture anomalies were negative for the five
drought years. The soil moisture began to increase with wet conditions across
the southern to the central basin. Wet conditions prevailed in the Upper Colorado
River basin with 68% classified as wet conditions in 1993. Sheffield et al. (2004a)
also found the similar results that 70% of the Upper Colorado River basin had
recovered from the severe drought in 1993. Additionally, averaged soil moisture
anomalies were positive (Table 4-1), and less than 30% of the basin had dry
conditions in the two post-drought years.

4.5.

Conclusions

This study has identified the spatial and temporal variability of soil moisture in
response to drought events using 50-year soil moisture data (1950 to 2000) in
the Upper Colorado River basin. The correlation analysis shows that soil
moisture and the PDSI are highly correlated. The use of the f-test method
resulted in significant difference of soil moisture anomaly between the drought
and normal years. The f-test results also indicated that the soil moisture anomaly
response to dry conditions is more significant than the response to the wet
conditions. The division scale examination of the soil moisture revealed soil
moisture was consistent with the drought events.
In the spatial analysis, regions identified with more sensitivity to wet and dry
conditions were the western-central parts of the basin. In general, regions with
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Catalog
Pre
drought
Drought

Post
drought

Years

A S M A (mm )

W et (%)

Dry (%)

Normal (%)

1951

7.85

22

66

12

1952

8.66

40

16

44

1953

-1 4 .1 5

36

58

6

1954

-1 6 .7 8

32

65

3

1955

-19 .0 8

24

73

3

1956

-2 6 .1 3

15

83

2

1957

0.4 5

34

43

23

1958

8.8

41

14

45

Pre
drought

1957

0.4 5

34

43

23

1958

8.8

41

14

45

Drought

1959

-1 7 .0 4

28

69

3

1960

-6 .3

48

39

13

1961

-8.22

44

47

9

1962

0.66

45

26

29

1963

-1 6 .5 6

29

65

6

1964

-21 .9 8

18

80

2

1965

0.4 5

46

28

26

1966

5.68

50

14

36

Pre
drought

1972

18.96

44

39

17

1973

6.2 4

26

10

64

Drought

1974

-1 2 .8 6

35

57

8

1975

-11 .3 9

43

52

5

1976

-18 .1 4

25

73

2

1977

-3 7 .2 5

10

90

0

Post
drought

1978

6.3 2

47

20

33

1979

23 .37

23

8

69

Pre
drought

1986

17.01

32

10

57

1987

12.61

39

10

51

1988

-5 .5 6

37

25

38

1989

-1 5 .4 7

32

64

4

1990

-33 .5 8

16

81

3

1991

-1 9 .8 9

34

54

12

1992

-1.02

43

22

35

1993

30 .2 8

30

2

68

1994

0 .3 7

60

21

19

Post
drought

Drought

Post
drought
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Table 4-1

Yearly average soil moisture anomalies and percentage of

basin had dry, normal, and wet conditions for the pre-drought, drought, and post
drought for four drought events.

Lower soil moisture were associated with the barren or sparse vegetation and
sandy soil. The regions with high soil moisture are consistent with high
vegetation density (needle leaf forest).
The temporal soil moisture conditions were evaluated by examining soil
moisture in three different periods: pre-drought, drought, and post-drought of four
drought events. The results from the 35 maps created for the temporal analysis
demonstrated that the average soil moisture anomalies were negative for the
drought periods. Also, the droughts did not end until two consecutive years of
positive soil moisture anomalies.
For pre-drought years, soil moisture anomalies decreased for two drought
events (e.g. 1974 to 1977, and 1988 to 1992). Flowever, for another drought
events (e.g. 1953 to 1956, and 1959 to 1964), soil moisture did not have negative
anomalies prior to the drought. This may be due to the sequence of the drought
impacts identified by And read is and Lettenmaier (2006). The sequence begins
with meteorological (precipitation) drought and as its duration increases
hydrological (streamflow) drought follows, then the agricultural (soil moisture)
drought occurs. Because when there is no rainfall or less than normal rainfall for
several weeks, months, or years, the streamflow will decline and soil can dry out.
For drought periods, more than 50% of the basin had dry conditions for 15 out of
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19 drought years. For post-drought periods, greater than 50% of the basin had
normal and wet conditions, and the average soil moisture anomalies were
positive for all the 8 post-drought years, which indicate that only one year with
positive average soil moisture anomaly was not enough to end a drought.
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CHAPTER 5

RELATIONSHIPS BETWEEN SOIL MOISTURE AND OCEANICATMOSPHERIC PATTERNS
5.1.

Introduction

Well-understood oceanic-atmospheric patterns that influence climate in
regions around the world area include the El Nino-Southern Oscillation (ENSO),
the Pacific Decadal Oscillation (PDO), the Atlantic Multidecadal Oscillation
(AMO) and Pacific Ocean Sea Surface Temperatures (SSTs). The ENSO and
the PDO represent Pacific SSTs variability, where the warm (El Nino) and cool
(La Nina) phases of the ENSO are characterized by above and below normal
SST in the eastern tropical Pacific (Philander, 1992). The PDO exhibits long-term
periodicity of warm and cold phases based on the SSTs, which is associated with
persistent climate patterns in the northern Pacific Ocean (Mantua, et al., 1997).
The AMO is a mode of natural variability occurring in the North Atlantic Ocean,
which has been linked to the climate changes over much of the Northern
Hemisphere, in particular. North America (Gray et al., 2004; McCabe et al.,
2007).
Oceanic-atmospheric patterns are of considerable importance in providing
predictive information about hydrological drought in certain regions. Studies have
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suggested that hydrologie processes have some relationships with the SSTs in
the Pacific Ocean (Zhang and McPhaden, 1995), in which warm SSTs lead to
low latent heat flux on seasonal timescales. Tootle and Piechota (2006)
determined the relationship between Pacific and Atlantic Ocean SSTs and U.S.
streamflow. Some significant SST correlation regions were identified in the
Pacific and Atlantic Oceans. Harshburger et al. (2002) identified the influence of
SSTs on winter precipitation and spring stream discharge in Idaho. Results
indicated that winter precipitation in the northern Idaho Mountains is negatively
correlated with fall SSTs in the eastern tropical Pacific Ocean. Spring stream
discharge in Idaho was also negatively correlated with SSTs in the eastern
tropical and northern regions of the Pacific Ocean. Hong and Kalnay (2000)
identified the impacts of the SSTs and soil moisture on the 1998 OklahomaTexas drought and acknowledged that climate extremes are due to a coupling of
SSTs anomalies and a physical interaction with soil moisture anomalies. McCabe
et al. (2007) examined the global SSTs and the Upper Colorado River flow.
Results indicated that SSTs in all of the oceans have significant relationships
with Upper Colorado River flow.
The teleconnections of ENSO, PDO, and AMO to the climate have been
widely studied in recent years. There have been studies that link U.S.
hydrological drought with the ENSO (Piechtoa and Dracup, 1996; Trenberth and
Branstator, 1992). Hidalgo and Dracup (2003) noted the effects of ENSO and
PDO on hydroclimatic variations (1909-1998) of the Upper Colorado River basin
and suggested that a basin-wide ENSO signature was found in the warm season
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precipitation and warm season SSTs. Tootle and Piechota (2005) coupled the
oceanic-atmospheric variability (ENSO, PDO, AMO, and NAO) with U.S.
streamflow. The ENSO during an AMO warm phase influenced the streamflow in
the southeastern United States and NAO negative phase was associated with
significantly less streamflow.
Poveda and Mesa (1997) studied the seasonality in ENSO-related
precipitation, river discharge, and soil moisture in Colombia. The study indicated
that the effects of ENSO were stronger for streamflow than for precipitation. Soil
moisture exhibited greater negative anomalies during the 1997 and 1998 El Nino.
Soil moisture responded to wetter than normal precipitation conditions during the
1998 and 1999 La Nina. The relationship between oceanic-atmospheric patterns
and rainfall variability in subequatorial America and Africa was studied by Moron
et al. (1995).The study showed the influence of the ENSO phenomenon upon
South America (less/more rainfall during an El Nino /La Nina event). Piechota et
al. (1997) studied the teleconnection between ENSO and the hydroclimate of
Australia. The study showed that dry conditions in Australia tend to be associated
with El Nino. Timbal and McAvaney (2001) examined soil moisture, ENSO, and
precipitation in Colombia and demonstrated that soil moisture accounted for part
of the precipitation reduction in tropical South America through reduction in
évapotranspiration and feedback mechanisms. Price et al. (1998) noted an
increasing association of northern Israel precipitation to ENSO in the recent
decades.
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Soil moisture is an important variable in the hydrological system. Studies
have shown that soil moisture is strongly related to droughts, which are
characterized by their severity, magnitude and duration (Dracup et al., 1980). Soil
moisture links atmosphere with land surface and has important hydrological
applications. Soil moisture represents the synergism of hydrology, climatology,
and ecology status and is a more robust drought indicator.
The main objective of this research is to evaluate the relationships between
soil moisture and oceanic-atmospheric patterns (SSTs, PDO, AMO, and ENSO).
Much of the prior research has focused on the relationship between oceanicatmospheric patterns with the hydroclimatic variables, such as precipitation,
streamflow, and temperature. However, the comprehensive investigation of soil
moisture variability is still poorly understood. Soil moisture interacts with the
atmosphere through surface energy and water balances and is strongly related to
drought. To investigate these relationships. Singular Value Decomposition (SVD)
was utilized to determine the coupled relationship between soil moisture and
SSTs. Correlation analysis between oceanic-atmospheric patterns (SSTs, PDO,
AMO, and ENSO) and soil moisture was also performed.

5.2.

Data Sets

5.2.1

Soil Moisture Data

In the United States, the Illinois State Water Survey Department started to
observe soil moisture in the 1980s. Approximately 30 stations of observed soil
moisture data are available in the United States and most stations are located in
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Illinois and Iowa (Robock et al.,2000). Observed soil moisture data are available
from the Global Soil Moisture Data Bank
(http://climate.envsci.rutqers.edu/soil moisture) and also from the National Water
and Climate Center (http://www.wcc.nrcs.usda.gov/scan/index.html). However,
no observed long-term soil moisture is available in the Upper Colorado River
basin. Because of the lack of large-scale and long-term observations of soil
moisture, simulated soil moisture from hydrological modes has been widely used.
Soil moisture data used in this study were generated from the VIC-3L
(Variable Infiltration Capacity- three layers) model (described in Appendix A). The
VIC-3L model is a macro-scale gridded-based water and energy balance model,
which is based on the water balance equation (Zhao et al., 1980):
AS ^ p - E T - R - D

(5-1)

where, AS is the rate of the change of storage, p is precipitation, ET is
évapotranspiration;

R

is surface runoff, and

D

is subsurface runoff. The

distinguishing features of the VIC-3L model include the sub grid variability in soil
moisture, land surface vegetation, precipitation, and topography in use of the
elevation band. The VIC-3L model has been successfully applied over many
large river basins with reasonable results (Abdulla et al., 1996; Maurer et al.,
2002 ).

The VIC-3L model was run at a daily time step and a 1/8 spatial resolution for
the period 1950 to 2000. The soil column was separated to three layers, 10 cm
for layer 1, 30 cm for layer 2, and 100 cm for layer 3 in this study. The soil
moisture of layer 3 was utilized in the following study, because near-surface
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layers (layers 1 and 2) respond quickly to short-term precipitation, but the deep
layer (layer 3) reflects long-term droughts since this water is available for the
aquifers and rivers (Lakshmi et al., 2004).
The input data for the VIC-3L model include meteorological data, soil data,
and vegetation data. The meteorological datasets include gridded daily
precipitation, minimum and maximum air temperature, and wind speed, which
were obtained from the Cooperative Summary of the Day data
(http://www.ncdc.noaa.gov/oa/climate/) of the National Climatic Data Center
(NCDC). The soil properties include field capacity, wilting point, saturated
hydraulic conductivity, porosity, bulk density, and soil types. The raw soil
characteristics data were taken from the Earth System Science Center’s State
Soil Geographic Database Dataset at the Pennsylvania State University
(http://www.essc.psu.edu/soil info) (Abdulla et al., 1996). The vegetation file
describes the land composition of each grid cell. The land cover characterization
was obtained from the Land Data Assimilation Scheme (LDAS) at a 1/8° spatial
resolution based on the University of Maryland global vegetation classifications
(Hansen and Reed, 2000).
The VIC-3L model was calibrated by comparing simulated streamflow with
the observed streamflow for five streamflow stations. Fall Creek, Piney River,
Cisco, Green River, and Lee’s Ferry. The model verification was performed by
comparing soil moisture calculated from the VIC-3L model with that from the
Climate Prediction Center (CPC). A more detail description of the model
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calibration and verification is given in Tang and Piechota (2006) for the Upper
Colorado River basin.
5.2.2

Pacific Ocean Sea Surface Temperatures (SSTs)

Monthly Pacific Ocean SSTs were obtained from the National Climatic Data
Center (http://www.cdc.noaa.qov/cdc/data.noaa.ersst.html). The oceanic SST
data was in a 2° resolution. The region of the Pacific Ocean SST data used for
the analysis was longitude 120 E to longitude 80°W and latitude 20° S to latitude
60° N (Smith and Reynolds, 2002). These regions represent the majority of
atmospheric/oceanic influence on U S climate (Wang and Ting, 2000).
5.2.3

Pacific Decadal Oscillation (PDO)

PDO is a long-lived El Niho-like pattern of Pacific climate variability, which is
comprised of sea surface temperatures in the northern Pacific Ocean (Mantua et
al., 1997). The PDO index is defined as the lead principal component of north
Pacific monthly sea surface temperatures variability for the region poleward of
20° north. PDO index values are available from the Joint Institute for the Study of
the Atmosphere and Ocean, University of Washington
(http://tao.atmos.wahinqton.edu/pdo/).
5.2.4 Atlantic Multidecadal Oscillation (AMO)
The AMO is a mode of natural variability occurring in the North Atlantic
Ocean, which is a similar pattern to the PDO. The AMO is a lead mode of lowfrequency in the North Atlantic Ocean (0° to 70° latitude) sea surface temperature
variability with a periodicity of 65 to 80 years (Gray et al., 2004). The AMO has
affected the changes in the North American droughts (Gray et al., 2004). The
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AMO index values can be obtained from the National Oceanic and Atmospheric
Administratin (NOAA) Climate Diagnostics Center (CDC)
(http://www.cdc.noaa.gov/Climateindices/).
5.2.5

El Niho-Southern Oscillation (ENSO)

The El Nino -Southern Oscillation (ENSO) phenomenon is large-scale
interaction between the ocean and the atmosphere. It is a result of a cyclic
warming and cooling of the surface ocean of the central and eastern Pacific
(Trenberth, 1997). In monitoring the phase of ENSO cycle, the Pacific area has
been divided into four sections: 1) Nino 1+2 (0°-10°South) (90° West-8G° West); 2)
Nino 3 (5° North-5°South) (150°West-90° West); 3) Nino 4 (5°North-5° South) (160°
East-150° West); 4) Nino 3.4 (5° North-5° South) (170 -120° West). The NINO 3.4
was used in this research since it is the key area for monitoring and predicting
ENSO events. The monthly NINO 3.4 SST index data were obtained from the
National Weather Service (NWS) and Climate Prediction Center (CPC)
(http://www.cpc.ncep.noaa.gov/data/indices/).

5.3.

Methodology

5.3.1

Classification of Years

The 50-year period was divided into drought, normal, and wet years. There
are different classifications of drought and one of the most widely used methods
is defining a threshold level of drought index, below which a drought occurred
(Dracup et al., 1980). The results from temporal analysis of Chapter 4 (Tang and
Piechota, 2006) demonstrated that the average soil moisture anomalies were
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negative for the drought periods. However, the year in which a drought starts can
not only be based on negative soil moisture anomalies. Droughts did not end
until two consecutive years of positive soil moisture anomalies. So, the Palmer
Drought Severity Index (PDSI) value of -1 was selected as the threshold instead
of soil moisture anomalies. The PDSI was used to represent the severity of dry
and wet conditions, based on temperature, precipitation, and soil moisture data
(Dai et al., 2004). The range of the PDSI values is from -4 to +4, which was
defined by Palmer (1965). Positive and negative PDSI values indicate wet and
dry conditions, respectively. Drought was defined as the consecutive years
during which the PDSI variable was continuously below -1. The normal years
were defined as the years with the PDSI values between -1 and 1. The wet years
were identified as the PDSI greater than 1. This classification scheme resulted in
19 drought, 14 normal, and 17 wet years over the 50-year records.
5.3.2

Singular Value Decomposition (SVD) for Soil Moisture and SSTs

The investigation of soil moisture field and SSiTs was performed by using
Singular Value Decomposition (SVD). SVD has become a powerful tool in
identifying coupled relationships between two spatial-temporal fields (Bretherton
et al., 1992; Tootle and Piechota, 2006).
SVD was used in two analyses between soil moisture and the SST fields: 1)
soil moisture and SSTs for the same time period from 1950 to 2000 (no lead time
analysis), and 2) Soil moisture from 1950 to 2000, and one year lead of SSTs
from 1949 to 1999 (one year lead time analysis).
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Initially, a matrix of standardized SST anomalies and a matrix of standardized
soil moisture anomalies were developed. The anomaly data was defined as the
deviation of the monthly mean from the long-term (50 years) average. The soil
moisture anomalies and SSTs anomalies were then standardized by the
standard deviation. Secondly, the cross-covariance matrix (A) was then
computed for the two matrices and SVD decomposition was applied to the cross
covariance matrix. The decomposition of the cross-covariance matrix created two
matrices of singular vectors and one matrix of singular values. SVD decomposes
the cross-covariance matrix A into three matrices,
A = USV^

(5-2)

where U and V are orthogonal matrices of the left (SSTs) and the right (soil
moisture) singular vectors, and S is a diagonal matrix containing the singular
values. The diagonal elements of S are arranged in descending order, so that the
first singular value (1®‘ mode) was greater than the second singular value. The
magnitude of the first singular value indicates the relative high contribution of
reconstructing the A matrix in comparison with the second singular vector. The
singular values are the square roots of the eigenvalues of A^A.
Finally, the two matrices U and V were examined; the first column of the
matrix U was projected into the standardized SST anomaly matrix. The first
column of the matrix V was projected to the standardized soil moisture anomaly
matrix. This results in the first mode expansion series of the SSTs and soil
moisture fields. Two correlations (left heterogeneous and right heterogeneous)
were created after the projection; the left heterogeneous correlation was
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determined by correlating the SSTs values with the right matrix (soil moisture)
and the right heterogeneous correlation was generated by correlating the soil
moisture values with the left matrix (SSTs).
5.3.3

Correlation between Soil Moisture and Oceanic-Atmospheric Patterns

An evaluation was performed between the oceanic-atmospheric patterns (e.g.
PDO, AMO, and NIN03.4) and gridded soil moisture (1960 grids) in the Upper
Colorado River basin. The technique to compare the relationship between
gridded soil moisture with the oceanic-atmospheric patterns was to compute the
covariance between them. To calculate covariance, corrected sum of products
which shows a quantity analogous to the sum of squares of variables was
calculated. The correlation coefficient rw as used to estimate the interrelation
between the variables. The correlation was the ratio of the covariance of two
variables to the product of their standard deviations. The results of this analysis
provided insight to the teleconnection between soil moisture and the oceanicatmospheric patterns. In the current research, soil moisture and the oceanicatmospheric patterns for the same periods (1950 to 2000) were first evaluated
(no lead time analysis); secondly, the correlation between oceanic-atmospheric
patterns (1949 to 1999) with one year lead time and soil moisture (1950 to 2000)
was also investigated (one year lead analysis). Latif et al. (1993) studied an
ENSO prediction schemes by using statistical schemes and physical models. All
the models performed better than the persistence forecast on lead times of 6 to
12 months. The best correlation between ocean-atmospheric and hydroclimate
variability at lead times exceeds one year. Finally, the correlation between PDO,
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AMO, NIN03.4 and soil moisture were investigated in drought years, normal
years, and wet years for both no lead time and one year lead time analyses.

5.4.
5.4.1

Results

SVD Results of No Lead Time Analysis
5.4.1.1

Drought Years

The heterogeneous correlation patterns show how the two fields are related
to one another and how much of the amplitude of the variations is explained by
the SVD mode. For the drought year analysis, soil moisture and Pacific Ocean
SSTs and continental U.S. streamflow resulted in squared covariance fractions of
83% for the first mode, 11 % for the second mode, and 2% for the third mode.
The high squared covariance fraction for the first mode may due to the smaller
study area (Upper Colorado River basin) as compare to that (the whole U.S.) in
Tootle and Piechota (2006). Figure 5-1 represents heterogeneous correlation
maps displaying significant Pacific Ocean SST (Figure 5-1, right) and gridded soil
moisture regions (Figure 5-1, left) for the first mode of SVD. The Pacific Ocean
SST heterogeneous correlation figure was determined by correlating the Pacific
Ocean SST values with the first temporal expansion series of soil moisture in the
Upper Colorado River basin, while the soil moisture heterogeneous correlation
figure was determined by correlation the soil moisture with the first temporal
expansion series of Pacific Ocean SSTs. For the SST figures, contours were
used to represent correlation values. For the soil moisture figures, only
correlations at 95% significance level are shown (circles). The black circles
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represent positive correlations, while the gray circles represent negative
correlations.
The drought years SVD resulted in negative SST correlation regions located
in South Pacific Ocean displaying higher correlation values. Only two small
positive correlation SST regions (Figure 5-1 a right) were identified. There is also
an SST negative correlation region west Pacific Ocean. There is no significant
correlation soil moisture region in drought years since only include 18 positive
and 18 negative (Figure 5-1 a) correlation grids were identified.
5.4.1.2 Normal Years
For the normal years, soil moisture and Pacific Ocean SSTs resulted in
squared covariance fraction of 78% for the first mode, 15% for the second mode,
and 3% for the third mode. The SVD results of normal years display large
difference in the spatial patterns when compared to the results of drought years
(Figure 5-1 b). For the soil moisture, only correlations at 95% significance level
are shown (circles). The black circles represent positive correlations, while the
gray circles represent negative correlations. More positive soil moisture
correlation regions (463 grids) were identified in normal years. Additionally, the
normal years defined positive SST correlation regions that were significant. The
results show that the soil moisture and SSTs are associated with positive
correlation in the region of the west coast of North American. Significant SST
correlation regions in the tropical Pacific Ocean were identified, which means
there may be a relationship between the tropical Pacific Ocean SST and soil
moisture in these regions. Positive correlations were also found over the North
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Pacific Ocean. Tootle and Piechota (2006) identified a similar pattern in 50-year
(1950-2000) record as did Rajagopalan et al. (2000). The negative correlation
regions were spatially concentrated in the southwest Pacific Ocean. The
significant positive correlation soil moisture regions (Figure 5-1 b, left side) were
identified in southern portion of the basin. These regions (plus sign) behave
similarly to the SST regions such that increased (decreased) soil moisture occurs
when there are increased (decreased) SSTs in the North Pacific Ocean.
5.4.1.3

Wet Years

Soil moisture and Pacific Ocean SSTs resulted in squared covariance
fractions of 90% for the first mode, which is the highest when compared with
those in drought and normal years, 5% for the second mode, and 2% for the third
mode for the wet years. There were significant negative soil moisture correlation
regions (214 grids) and more significant negative SST correlation regions
identified when compared to the drought and normal years, which may due to the
stronger correlation between soil moisture and SST in the wet years. Most of the
Pacific regions experienced the negative correlation between soil moisture and
SSTs except the south east corner of the Pacific Ocean. The strong positive
correlation SST regions extend southward, covering southeastern Pacific Ocean,
which is not consistent with Tootle and Piechota (2006). The most likely
explanation of the varying results was the Tootle and Piechota (2006) study
focused on PDO warm (cold) years while the current research focused on
drought, normal, and wet years. The negative soil moisture regions are sparely
distributed with two main regions concentrated in west and central basin.
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Heterogeneous correlation maps of soil moisture and SST

during drought, normal, and wet years. Contours were used to represent
correlation values. Significant (>95%) SST regions were approximated by gray
shading. Significant (>95%) positive (negative) soil moisture grids were
represented by black (gray) circle (Soil moisture and SST are from 1950 to 2000)
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5.4.2 SVD Results of One Year Lead Time Analysis
5.4.2.1

Drought Years

SVD results of the SST from year 1949 to 1999 and soil moisture from 1950
to 2000 are presented in Figure 5-2. For the drought year (Figure 5-2a), soil
moisture and Pacific Ocean SSTs resulted in squared covariance fractions of
84% for the first mode, 12% for the second mode, and 2% for the third mode.
First, a Pacific Ocean positive SST correlation region was identified near the
western coast of the U.S. in current figure (Figure 5-2a, right side) compared with
the drought years in no lead time analysis, which was also identified in Tootle
and Piechota (2005). No significant soil moisture correlation regions were
identified in drought years (Figure 5-2a, left side), which means there maybe no
significant relationships between soil moisture and Pacific Ocean SSTs in
drought years.
5.4.2.2 Normal Years
Soil moisture in the Upper Colorado River basin and Pacific Ocean SSTs
resulted in squared covariance fractions of 80% for the first mode, 15% for the
second mode, and 3% for the third mode for the normal years (Figure 5-2b). The
soil moisture and SSTs in the North Pacific Ocean are positively correlated. Two
new Pacific Ocean SST correlation regions were identified in the west Pacific
Ocean displaying significantly correlation with soil moisture in the Upper
Colorado River basin. The significant SST correlation regions located over the
North Pacific Ocean was spatially similar when compared to that in the normal
years of the no lead analysis. One large significant SST correlation region was
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identified in the southeast Pacific Ocean. Similar regions have been reported by
Wang and Ting (2000) and Tootle and Piechota (2006). One significant soil
moisture correlation region was identified in the middle of the basin. Less
significant positive soil moisture regions were identified when compared to no
lead time analysis in normal years (Figure 5-1 b).
5.4.2.3 Wet Years
SVD of soil moisture and Pacific Ocean SSTs resulted in squared covariance
fraction of 95% for the first mode, 12% for the second mode, and 2% for the third
mode. Less soil moisture correlation regions were identified when compared with
that in the wet year of no lead time analysis especially for the positive correlation
regions where the increased (decreased) soil moisture results from increased
(decreased) SSTs. The current figure (Figure 5-2c) and the wet year of no lead
time analysis (Figure 5-1 c) are spatially similar over the southeast Pacific Ocean
for the SSTs regions; however, the SSTs regions display significant difference in
the North Pacific Ocean when comparing the current figure with Figure 5-1 c.
There was a small significant soil moisture correlation region identified in the
upper corner of the basin in wet years, which means there are no significant
relationship between soil moisture and Pacific Ocean SSTs in wet years.
5.4.3

Correlation Results

The results for the correlation between soil moisture and PDO, AMO, and
NIN03.4 are presented for no lead time analysis (left) and one year lead time
analysis (right) in Figure 5-3. In Figure 5-3, a black (gray) circle represents a
positive (negative) test result at the 95% confidence level.
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Figure 5-2

Heterogeneous correlation maps of soil moisture and SST

during drought, normal, and wet years. Contours were used to represent
correlation values. Significant (>95%) SST regions were approximated by gray
shading. Significant (>95%) positive (negative) soil moisture grids were
represented by black (gray) circle (Soil moisture is from 1950 to 2000, SST is
from 1949 to 1999)
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5.4.3.1

Soil Moisture and PDO

Figure 5-3a and Figure 5-3b represent the results of correlation between soil
moisture and PDO of no lead time analysis and one year lead time analysis. The
results suggest that soil moisture in most regions (60%) of the basin are
significantly correlated with the PDO. This pattern is consistent with McCabe et
al. (2007), who noted that 52% of the spatial and temporal variance in
multidecadal drought frequency over the whole U.S. was attributed to the PDO
and the AMO. Similar results were also fund in Englehart and Douglas (2003);
the study suggested that there was strong teleconnetion between drought and
the PDO. Mantua et al. (1997) discussed that PDO variability is strongly related
to regional snow pack and streamflow anomalies, especially in western North
America. The spatial patterns seen here (Figure 5-3b) are similar to Figure 5-3a,
which suggests that PDO is strongly related to long-term soil moisture variability.
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Significant (95%) correlation in soil moisture and PDO, AMO,

and NINO 3.4 of no lead time analysis (left) and one-year lead time analysis
(right). Positive (negative) significance is represented by black (gray) circles
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5.4.3.2

Soil Moisture and AMO

The relationship between soil moisture and AMO is displayed in Figure 5-3c
(no lead time analysis) and Figure 5-3d (one year lead time analysis). The results
in Figure 5-3c and 6-3d show that the relation between soil moisture and the
AMO is weaker than the relation between soil moisture and the PDO (Figure 5-3a
and 6-3b). The soil moisture and AMO were seen positively correlated in no lead
time analysis (Figure 5-3c); however, a negative correlation between soil
moisture and AMO was identified in Figure 5-3d.
5.4.3.3

Soil Moisture and NIN03.4

Figure 5-3e and Figure 5-3f present the results of linear correlation of
NIN03.4 and soil moisture for no lead time and one year lead time analysis. For
the no lead time analysis, there were no significant correlation between soil
moisture and NIN03.4. A similar result was also found in Englehart and Douglas
(2003). They argued that there was no strong teleconnection between drought
and the ENSO. However, it is noteworthy that a significant soil moisture
correlation region was identified in Climate Division 10, 33, 190, 298, 299, and
300 showing strong relations between soil moisture and NIN03.4 in one year
lead analysis (Figure 5-3f). Piechota and Dracup (1996) identified a strong
relationship between drought and ENSO in the southern United States at a 6-12
month lead time.Correlation Results during Three periods.
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5.4.4

Correlation Results for Drought, Normal, and Wet years
5.4.4.1

Soil Moisture and PDO

Figure 5-4 represents the results of the correlation testing of soil moisture and
PDO in drought, normal and wet years of no lead (left) and one year lead time
(right) analyses. Only correlations at 95% significance level soil regions are
shown (circles). A positive relationship between soil moisture and PDO were
seen in drought, normal, and wet years for both no lead time and one year lead
time analyses. A spatial region of significant soil moisture correlation region was
identified in the middle of the basin in drought years (Figure 5-4a and 5-4b) and
normal years (Figure 5-4c and 5-4d). A PDO phase generally results in increase
(decrease) soil moisture in this region since the PDO phase steers the jet stream
further north over the Western United States. The soil moisture correlation region
was also apparent in the north of Climate Division 33 in wet years (Figure 5-4e
and 5-4f). The similar positive soil moisture correlation region was identified in
Climate Divisions 190, 298 and 300 in drought years (Figure 5-4a and 5-4b) for
two analyses, which suggested that PDO was strongly related to soil moisture no
matter in lead or no lead time analyses. The soil moisture regions are similar in
Climate Divisions 297, 298, and 299 in wet years for both the two analyses
(Figure 5-4e and 5-4f). However, the soil moisture correlation regions are much
larger in no lead time analysis.
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5.4.4.2

Soil Moisture and AMO

Figure 5-5 represents the results of the correlation testing of soil moisture and
AMO in drought, normal and wet years for no lead time (left) and one year lead
time analyses (right). Significant soil moisture correlation regions were similar for
the no lead time (Figure 5-5a) and one year lead time (Figure 5-5b) analyses.
Negative correlation between soil moisture and AMO were seen in Climate
Divisions 10, 33 and 300 in wet years in one year lead analysis than that in no
lead time analysis. These regions were also identified by Tootle and Piechota
(2006) who found significant streamflow regions in Upper Colorado River basin
when related streamflow with AMO. For normal years, three significant soil
moisture correlation regions were located in Climate Divisions 33, 297, 299, and
337 in the no lead time analysis. Only one significant soil moisture correlation
regions was identified in Climate Divisions 33 and 300 in wet year of one year
lead time analysis. There maybe no significant relation between soil moisture in
the Upper Colorado River basin and AMO for one year and no lead time analysis.
5.4.4.3

Soil Moisture and NIN03.4

Figure 5-6 presents the results of correlation between soil moisture and
NIN03.4 in drought, normal and wet years for no lead time (left) and one year
lead time (right) analyses. Only correlations at 95% significance level soil
moisture grids are shown (circles). Significant negative correlation between soil
moisture and NIN03.4 were seen in Climate Divisions 33 and 299. However, the
significant positive correlation soil moisture regions in Climate Divisions 10, 298,
and 300 likely reflect the positively correlated between soil moisture and
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NIN03.4, as suggested by Shabbar and Skinner (2004) who demonstrated the
impacts of ENSO on the climate variability by showing significant relationship
with drought variability. Stronger correlation were seen in Climate Division 33,
190 and 300 in the normal year of one year lead time analysis (Figure 5-6 d) than
that in no lead time analysis (Figure 5-6 c), especially in Climate Division 190.
Significant positive soil moisture correlation regions were identified in Climate
Divisions 298 and 300 in wet years (Figure 5-6 f) of the one year lead time
analysis; however, significant negative soil moisture regions were seen in
Climate Division 300 and 337. Rajagopalan et al. (2000) also noted the strong
teleconnection between summer drought and ENSO.

5.5.

Conclusions

An evaluation of soil moisture and Pacific Ocean SSTs was performed. An
extended correlation investigation of soil moisture with the PDO, AMO, and
ENSO (NIN03.4 and SOI) was also performed for two analyses (no lead time
and one year lead time). Some difference in the spatial patterns occurs for SSTs
correlation regions. S S I impacts the spatial location of the soil moisture
correlation regions stronger for the one year lead time analysis than no lead time
analysis, especially for the normal years. This resulted in tropical SST correlation
regions, centered near the equator.
Significant soil moisture correlation regions, displaying the negative correlation
between SSTs and soil moisture were identified in normal years for both the no
lead time and one year lead time analyses. However, there is no
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significant soil moisture correlation regions identified in drought years for both
two analyses. Significant soil moisture correlation regions, displaying negative
behavior, were identified in wet years of the no lead time analysis. These regions
reported higher correlation than the one year lead time analysis during the wet
years.
The correlation of the soil moisture with the oceanic-atmospheric patterns
(PDO, AMO, and ENSO) resulted in several interesting results. First, the PDO
significantly influenced the soil moisture in the Upper Colorado River basin,
displaying positive correlation to the soil moisture both in the no lead and one
year lead time analyses for drought, normal, and wet years. Second, the
correlation was weak between soil moisture and AMO in both no lead time and
one year lead time analysis; however, a negative correlation was identified in one
year lead time analysis. Lastly, ENSO (NIN03.4) displayed positive correlation
with soil moisture for one year lead time analysis not in the no lead time analysis,
in which there is no significant correlation between soil moisture and ENSO
(NIN03.4).
The current research resulted in several new contributions in the
understanding of the relationship between soil moisture and oceanic-atmospheric
patterns. First, the correlation of the soil moisture with oceanic-atmospheric
patterns may improve long lead climate forecasts, since no previous studies
stated the relationship between soil moisture and oceanic-atmospheric patterns.
The use of SVD identified some significant SST correlation regions that were not
predetermined. Second, a one year lead time approach and no lead time
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approach was adopted in this research. The one year lead time approach
provided important predictive information about soil moisture response to
interannual (i.e. ENSO) and interdecadal (i.e., PDO and AMO) oceanicatmospheric patterns.
There are some uncertainties as to the lead time periods. Latif et al. (1994)
identified that high correlation between ENSO and precipitation occurred with a
lead time of 6-12 months. Other study (Chang, et al., 2003) identified high
correlation between SST in Atlantic Ocean and precipitation in the U.S. occurred
with a lead time of 3-5 months. One year lead time analysis was accepted in the
present study. Additional lead times analysis such as semi-annually, seasonal, or
monthly is suggested in future work when identifying the relation between soil
moisture and the oceanic-atmospheric patterns.
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CHAPTER 6

CONCLUSIONS AND RECOMMENDATIONS
6.1.

Conclusions

This dissertation resulted in several significant contributions to understand
soil moisture, relationships between soil moisture and climate variability, and
relationships between soil moisture and oceanic-atmospheric patterns.
6.1.1

Soil Moisture and Drought Variability

The goal of Chapter 3 was to generate large-scale, long-term, high-resolution
soil moisture data based on model calibration and verification, and to examine
soil moisture as a drought indicator. This study resulted in contributions in two
areas.
1. First, a 1/8° spatial resolution and a temporal daily time step soil moisture
dataset was developed for the Upper Colorado River basin over a 50-year
period. It is important to estimate soil moisture by distributed hydrological
models due to the lack of high-resolution, large-scale, and long-term
consistent observations of soil moisture in the United States.
2. Soil moisture can be used as a drought indicator. Using wavelet analysis,
deep soil moisture was compared to the PDSI, precipitation, and streamflow
to determine whether deep soil moisture is an indicator of climate extremes.
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Wavelet analysis indicated strong relationships between the PDSI, climate
variability and the deep soil moisture.
6.1.2

Spatial and Temporal Soil Moisture

The goal of Chapter 4 was to understand the spatial and temporal
characteristics of soil moisture in the basin during droughts. Soil moisture varies
both temporally and spatially in response to climate processes over a variety of
scales. However, the influence of the temporal and spatial soil moisture on the
climate extremes (i.e. droughts) is still poorly understood. This study resulted in
contributions in two areas.
1. The research evaluated spatial variability of soil moisture during drought,
normal, and wet years. Map analysis and t-test method were used in this
analysis. Soil moisture anomalies in drought years were significantly different
from those in normal years.
2. An extended evaluation of temporal soil moisture was performed by utilizing
map analysis in pre-drought, drought, and post-drought years for four drought
events. The results showed that droughts did not end until two consecutive
years of positive soil moisture anomalies. Soil moisture can serve as a
potential drought indicator, which can improve the predictability of long-term
drought.
By analyzing how soil moisture varied temporally and spatially, this study can
provide useful information for water managers and farmers.
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6.1.3

Soil Moisture and Oceanic-Atmospheric Patterns

The goal of Chapter 5 was to identify the relationships between soil moisture
and oceanic-atmospheric patterns. Previous studies have focused on the
relationships between oceanic-atmospheric patterns with the hydro-climate
parameters, such as temperature, precipitation and streamflow, rather than soil
moisture. The research in Chapter 5 improved previous studies and contributed
as following:
1. The research correlated the soil moisture with oceanic-atmospheric patterns
and SSTs to improve the long-term drought forecasting in the Upper
Colorado River basin. This was an important contribution, since soil moisture
interacts with atmosphere through surface energy and water balances and
strongly related to droughts.
2. SVD is a powerful statistical tool for identifying coupled relationships between
two sets of spatial and temporalfield data. The SVD method was first used to
analyze soil moisture in Upper Colorado River basin with SST in the Pacific
Ocean.
3. The significant soil moisture regions were identified when relating soil
moisture with the PDO and ENSO during drought, normal and wet years by
using one year lead time analysis and no lead time analysis. This is one of
the first studies to evaluate the relationships between soil moisture and
oceanic-atmospheric patterns.
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6.2.

Recommendations

Several future works are suggested as follows:
1. Land use/change factor should be considered as a time-variable rather
than a constant used in the current VIC-3L model. The Upper Colorado
River basin suffered from land use/ changes during the 50-year simulation
period. Two research topics can be introduced considering land cover
changes in the future work with the VIC-3L model. The first one is to
consider land conversion from agriculture to urban area in the VIC-3L
model, which is also named land development effects on the hydrological
model. The second one is to consider the land cover changes induced by
a warmer climate.
2. When observed soil moisture is available in future, it will be used to
calibrate the VIC-3L model.
3. Additional lead time analyses will be needed to identify the relation
between soil moisture and the oceanic-atmospheric patterns with various
lead times such as semi-annually, seasonal, or monthly.
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APPENDIX A

VARIABLE INFILTRATION CAPACITY (VIC) MODEL
Variable Infiltration Capacity (VIC) Model
The VIC model is a macroscale hydrologie model that solves full water and
energy balances, originally developed by Xu Liang at the University of
Washington. The processes of VIC were described by the following Figure;

V a riab le In filtra tio n C a p a c ity (V IC )
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http://www.hydro.washington.edu/Lettenmaier/ModelsA/IC/
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Run the VIC-3L Model
Seven steps of running the VIC-3L model were developed in the Upper
Colorado River basin.
1. Define the study area
The Colorado River basin boundary was subtracted from the ArcGIS map.
The digital elevation data was used in calculating soil depth.
2. Generate meteorological data
The meteorological datasets include g ridded daily precipitation, minimum and
maximum air temperature, and wind speed. Daily precipitation and temperature
were obtained from the Cooperative Summary of the Day data
(http://www.ncdc.noaa.gov/oa/climate/) of the National Climatic Data Center
(NCDC). Daily average wind data were available from the National Center for
Environmental Prediction (NCEP) provided by the National Oceanic and
Atmospheric

Administration

(NCAA)

(http://www-

pord.ucsd.edu/~sqille/sio221c/ncep wind.html). These datasets are at a 2.5
spatial resolution and interpolated to a 1/8

resolution for this study. The

shortwave radiation was calculated from the daily temperature and precipitation
based on Thornton and Running (1999). Longwave radiation was calculated as a
function of temperature, precipitation, and atmospheric transmittivity according to
Bras (1990).
3 Generate soil and vegetation data
The soil properties include field capacity, wilting point, saturated hydraulic
conductivity, porosity, bulk density, and soil types. The raw soil characteristics
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data were taken from the Earth System Science Center’s State Soil Geographic
Database

Dataset

at

the

Pennsylvania

State

University

(http://www.essc.psu.edu/soil info) (Abdulla et al., 1996).
The vegetation file describes the land composition of each grid cell. There are
total of 14 different land cover classes. The land cover characterization was
obtained from the Land Data Assimilation Scheme (LDAS) at a 1/8 spatial
resolution based on the University of Maryland global vegetation classifications
(Hansen and Reed, 2000).
4

Prepare a global control file

This global control file shows the location of input files and output files, model
time step, and running time period. A global control file includes:
1) Define global parameters, this file defines values for various global
parameters.
2) Define global options, this file defines model options used in the current
model run.
3) Define meteorological data files, this file describes the definition of the
meteorological files needed by the VIC-3L model.
4) Define soil and vegetation data files, this section describe how to define
the soil and vegetation parameter files needed to run the VIC-3L model.
5 Compile the VIC-3L model
The VIC-3L model is written entirely in the C programming language, and can
be compiled using a GCC compiler on UNIX and DOS operating systems. The
model was compiled by using a UNIX station in the Super Computer Center of
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University of Nevada, Las Vegas for the Upper Colorado River basin in this
research.
6

Develop routing network and file

The VIC-3L model produces fluxes of water and energy for each model grid
cell. In order to generate a streamflow hydrograph for comparison with
observations it is necessary to route the runoff from each model grid cell to the
basin outlet using a routing model. A routing network for the grid cells and routing
input files include basin fraction file, flow direction file, station location file, and
qflow length file need to be developed.
7

Run and calibrate the model

Although the VIC-3L model contains many parameters, it is more appropriate
to adjust some of these parameters during calibration than others. Often the
distinction is based on the degree to which the parameter values can actually be
measured or observed. The calibration of the VIC-3L-3L model is usually
performed by adjusting five parameters (Wood et al., 1997); (a) the maximum
baseflow that can occur from the third soil layer (in mm/day) (Dsmax);

(b) the

fraction of Dsmax where non-linear (rapidly increasing) baseflow begins (Ds); (c)
the fraction of the maximum soil moisture (of the lowest soil layer) where non
linear baseflow occurs (Wsmax): (d) the infiltration parameter (binf); and (e) the
depth of the second soil layer (dg).
Since the maximum velocity of baseflow (DSmax) depends on hydraulic
conductivity, which can be estimated using the saturated hydraulic conductivity
multiplied by the slope of the grid, the fraction of maximum soil moisture content
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of the third layer (WSmax) is analogous to Ds (Liang et al., 1994; Wood et al.,
1997). These three parameters can be derived from soil textural information, so,
the parameters were used with minor adjustment during the calibration in this
research. Consequently, the infiltration parameter (binf), and the thickness of the
second soil layer (dz) were treated as the primary calibration parameters (Wood
et al., 1997; Su et al., 2005). These two parameters were chosen as the primary
calibration parameters for several reasons. First, bjnf and dz are the most
sensitive calibration parameters. Second, a change in the thickness of the
second layer effects not only the hydraulic conductivity, but also the maximum
storage available in the second layer and the water available for transpiration.
The plant roots can draw water only from the top two soil layers and the baseflow
was generated only from the third layer in the VIC-3L model. As a result, the flux
of water from the second layer into the third layer determines how much baseflow
will occur. Lastly, the infiltration parameter (binf) effects runoff production in the
VIC-3L-3L model. Since a higher binf tends to enhance runoff production.
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APPENDIX B

WAVELET ANALYSIS AND WAVELET COHERENCY
The continuous wavelets transform W„ of a discrete sequence of observations
Xn is defined as the convolution of Xn with a scale s and wavelet ip(x):
N -\

(» ' -

n )à

n'

where n is the localized time index, s is the wavelet scale, ôt is the sampling
period, N is the number of points in the time series, and the asterisk indicates the
complex conjugate.
There are many kinds of wavelets. The first step of this study was to choose a
mother wavelet and normalize it at each scale. The Morlet wavelet ijj(x) was
taken as the mother wavelet in the study (Farge, 1992). The wavelet function
i|j(x) at each scale was normalized to ensure the wavelet transform at each
scales were comparable to each other. Secondly, the wavelet transforms

W n (s ),

at time index n, scale s and with a constant time interval were developed
(Torrence and Compo, 1998) for all the given time series (soil moisture of layer 1.
layer 2 and layer 3, PDSI, precipitation, and streamflow). The wavelet transform
W n (s )

is the inner product (or convolution) of the wavelet function ip(x). A
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minimum scale of 0.5 years and several varying scales (1.0, 2.0, 4.0, 8.0, 16.0,
and 32.0) for all the time series were determined.
Step 3 was graphically representing all of the time series from the wavelet
analysis. By varying the wavelet scale

s

and translating along the localized time

index n, different normalized transforms of all of the time series were
constructed. Since the wavelet function nj(x) and the wavelet transform

W n (s )

are

complex, a normalized wavelet power spectrum \W^(s)\^ was used for all of the
time series in this study. When all of the wavelet power spectrums \W„(s)\^ had
been calculated for all of the time scales (s), frequency/scale representations
(wavelet plotting) showing both the amplitude (power spectrum, |)T„(j')|^) of
features versus the scales (s) and how this amplitude varies with time were
plotted. From the plots, the frequency and the scales of the time series were
evaluated. This identifies the interdecadal variability scales and power spectrum
of all the different time series.
The last step was to evaluate the similarity between the different time series
in wavelet analysis. The wavelet coherency was used to identify frequency bands
and time intervals where two time series were related (Torrence and Webster,
1999; Liu, 1994). The wavelet coherency Rn is defined as:

{s-'wf{S)y
j'

I
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where. ( ) indicates smoothing in both time and scale, w f ( s ) and fVj (s) are
the wavelet transforms of two time series X and Y. W j"(s) is the cross-wavelet
spectrum of X and Y which is defined as;

where, (*) means the complex conjugate. Torrence and Webster (1999)
identified the wavelet coherency as an accurate evaluation of covariance
between two time series. The intent of the wavelet coherency analysis is to
determine how well soil moisture represents hydrological drought in the Upper
Colorado River Basin.
A MATLAB program was developed in this research;
% Wavelet analysis and coherency program by Chunling Tang based on
%C. Torrence and G. Compo.

load 'Iayer3c.dat'
pdsi = Iayer3c;
load pdsim.dat'
layl =pdsim;

%--------------------------------------------------------- Computation
% normalize by standard deviation (not necessary, but makes it easier

% to compare with plot on Interactive Wavelet page, at

variancel = std(pdsi)^2;
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variance2 = std(lay1)^2;
pdsi1 = (pdsi - mean(pdsi))/sqrt(variance1) ;
Iay11 = (Iay1 - mean(lay1))/sqrt(variance2) ;

n = length(pdsi);
d t= 1/12;
time = [0:length(pdsi1)-1]*dt + 1950.0 ;
xlim= [1950,1999];
pad = 1;

% pad the time series with zeroes (recommended)

dj = 0.25;

% this will do 4 sub-octaves per octave

sO = 2*dt;

% this says start at a scale of 6 months

j1 = 7/dj;

% this says do 7 powers-of-two with dj sub-octaves each

lagi = 0.72; % lag-1 autocorrelation for red noise background
mother = 'Morlet';

% Wavelet transform:
[wavel ,period1 ,scale1 ,coi1] = wavelet(pdsi1 ,dt,pad,dj,sO,j1 .mother);
[wave2,period2,scale2,coi2] = wavelet(lay11,dt,pad,dj,sO,j1 .mother);
Is=length(scale1);
crosswave = wavel .*(conj(wave2));
waves2=(abs(wave2)).^2.;
for j=1,1s
crosswave(j,:)=crosswave(j,:).\scale1(j);
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wavesi (j,:)=waves1 (j,;).\scale1 (j);
waves2(j,:)=waves2(j,:).\scale10;
end
cwaves=zeros(ls,n-1);cwaves=cwaves+i*cwaves;
wavess2=zeros(ls,n-1);
for i=1:n-1
cwaves(:,i)=(crosswave(;,i)+crosswave(:,i+1))/2 ;
wavess1(;,i)=(waves1(:,i)+waves1(:,i+1))/2;
wavess2(:,i)=(waves2(:,i)+waves2(:,i+1))/2;
end
cwavess=zeros(ls-1 ,n-1 );cwavess=cwavess+i*cwavess;
wavesssi =zeros(ls-1 ,n-1 );
wavesss2=zeros(ls-1 ,n-1);
for j=1:ls-1

wavesssi (j,:)=(dj*dt/0.776).*(wavess1(j,:)+wavess1(j+1,:)).\(scale1(j)+scale1(j+1)
):

wavesss2(j,:)=(dj*dt/O.776).*(wavess2(j,;)+wavess2(j+1,:)).\(scale10+scale1(j+1)
):

end
theta=ang le(cwavess) ;
x=cos(theta);y=sin(theta);
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coherence = (abs(cwavess))A2.\(wavesss1.*wavesss2);
avg_co=num2str(mean(mean(coherence)))

[signif,fft_theor] = wave_signif(1.0,dt,scale1,0,lag1 ,-1 ,-1 .mother);
sig95 = (signif)*(ones(1,n-1));
sig95 = coherence ./ sig95(1;ls-1,1:n-1);

%Global wavelet spectrum & significance levels:
global ws = (sum(coherence')/(n-1 )); % time-average over all times
dof = n-1 - sea le 1; % the -scale corrects for padding at edges
global_signif = wave_signif(1.0,dt,scale1,1 ,lag1 ,-1,dof,mother);

% Scale-average between El Nino periods of 2 -8 years
avg = find((scale1 >= min(scalel)) & (scalel < max(scalel)));
Cdelta = 0.776; % this is for the MORLET wavelet
scale avg = (scalel (1:28)')*(ones(1,n-1)); % expand scale - > (J+1)x(N) array
scale avg = coherence ./ scale avg; % [Eqn(24)]
scale avg = dj*dt/Cdelta*sum(scale_avg(avg,:)); % [Eqn(24)]
%scaleavg_signif = wave_signif(variance,dt,scale,2,lag1 ,-1 ,[2,7.9],mother);

%--------------------------------------------------------- Plotting
%— Contour plot wavelet power spectrum
subplot('position',[0.1 0.40 0.65 0.45])

137

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.

%levels = [0.0625,0.125,0.25,0.5,1.2,4,8,16] ;
levels=[0.0,0.5,08,0.9]
Yticks = 2.'^(fix(log2(min(period1))):fix(log2(max(period1))));
%contour(time,log2(period),log2(power),log2(levels)); %*** or use 'contourfiir
%colormap (grey);
contourf(time(1 :n-1 ),log2(period1 (1:1s-1)),coherence,levels);
colormap('default'); colorbar(’horiz')
%contourf(tlme,log2(perlod1),power,4)
%colorbar('vert');
%imagesc(time,log2(perlod),log2(power)); %*** uncomment for 'image' plot
%xlabel('Tlme (year)')
ylabel('Perlod (years)')
title(['Coherency between PDSI and Soil Moisture LayerS'])
%title('b) NINOS SST Wavelet Power Spectrum')
%title('b) Mositure in layerS Wavelet Power Spectrum')
set(gca,'XLim',xlim(:))
set(gca,'YLim',log2([min(period1),max(period1)]), ...
'YDir','reverse', ...
'YTick',log2(Yticks(:)), ...
'YTickLabel'.Yticks)
% 95% significance contour, levels at -99 (fake) and 1 (95% signif)
hold on
quiver(time(1:24:n-1),log2(period1(1:ls-1)),x(:,1:24:599),y(:,1:24:599),0.2,'b');
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hold on
%contour(time(1;n-1),log2(perlod1(1:ls-1)),sig95,[-99,1],y);

sumco=0;
k=0;
for j=1:ls-1
for i=1:n-1
If (sig95(j,i) >= 1)
sumco=sumco+coherence(j,i);
k=k+1;
end
end
end
Avg_co_95=sumco/k

hold on
% cone-of-lnfluence, anything "below" is dubious
plot(time,log2(coi1 ),'b')
hold off

%— Plot global wavelet spectrum
subplot('position',[0.77 0.40 0.15 0.45])
plot(global_ws,log2(period1 (1:28)))
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hold on
%plot(global_slgnif,log2(period1),'-')
hold off
xlabel('coherence')
%title('c) Global Wavelet Spectrum')
set(gca.'YLIm',log2([mln(period1),max(period1)]),
'YDir','reverse', ...
'YTick',log2(Yticks(;)), ...
'YTickLabel',")
set(gca,'XLim',[0,1.25*max(global_ws)])

%— Plot 2 -8 yr scale-average time series
subplot('position',[0.1 0.15 0.56 0.15])
plot(time(1 :n-1),scale_avg)
set(gca,'XLim',xlim(;))
xlabel('Time (year)')
ylabel('coherence')
%title('d) 2-8 yr Scale-average Time Series')
hold on
%plot(xlim,scaleavg_signif+[0,0],'-')
hold off
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APPENDIX C

SINGULAR VALUE DECOMPOSITION (SVD)

SVD has become a powerful tool in identifying coupled relationships between
two spatial-temporal fields (Bretherton et al., 1992; Tootle and Piechota, 2006).
Bretherton et al. (1992) evaluated several statistical methods designed to
determine coupled relationships between two spatial-temporal fields and
concluded that SVD isolates the most important modes for variability. Wallace et
al. (1993) evaluated geopotential height and temperature fields by using SVD in
the northern hemisphere troposphere. Wang and Ting evaluated Pacific Ocean
SSTs and continental U.S. precipitation from 1950 to 1994 by using SVD. Tootle
and Piechota (2006) evaluated the relation between U.S. streamflow and Pacific
Ocean SSTs and Atlantic Ocean SSTs by using SVD and identified some
significant SSTs regions in Pacific and Atlantic Ocean.
SVD was used in two analyses between soil moisture and the SST fields: 1)
soil moisture and SSTs for the same time period from 1950 to 2000 (no lead time
analysis), and 2) Soil moisture from 1950 to 2000, and one year lead of SSTs
from 1949 to 1999 (one year lead time analysis).
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Initially, a matrix of standardized SST anomalies and a matrix of standardized
soil moisture anomalies were developed. The anomaly data was defined as the
deviation of the monthly mean from the long-term (50 years) average. The soil
moisture anomalies and SSTs anomalies were then standardized by the
standard deviation. Secondly, the cross-covariance matrix (A) was then
computed for the two matrices and SVD decomposition was applied to the cross
covariance matrix. The decomposition of the cross-covariance matrix created two
matrices of singular vectors and one matrix of singular values. The SVD
decomposes the cross-covariance matrix A into three matrices,
A = U S V^
where U and V are orthogonal matrices of the left (SSTs) and the right (soil
moisture) singular vectors, and S is a diagonal matrix containing the singular
values. The diagonal elements of S are arranged in descending order, so that the
first singular value (1®* mode) was greater than the second singular value. The
magnitude of the first singular value indicates the relative high contribution of
reconstructing the A matrix in comparison with the second singular vector. The
singular values are the square roots of the eigenvalues of A^A.
Finally, the two matrices U and V were examined; the first column of the
matrix U was projected into the standardized SST anomaly matrix. The first
column of the matrix V was projected to the standardized soil moisture anomaly
matrix. This results in the first mode expansion series of the SSTs and soil
moisture fields. Two correlations (left heterogeneous and right heterogeneous)
were created after the projection; the left heterogeneous correlation was
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determined by correlating the SSTs values with the right matrix (soil moisture)
and the right heterogeneous correlation was generated by correlating the soil
moisture values with the left matrix (SSTs).
A MATLAB SVD program was developed based on Glen Tootle’s Dissertation
in this research.

% SVD program by Chunling Tang, based on Glen Tootle's dissertation

%NP: No. of points of soil moisture data
%NX: No. of points of SST data
NP=2916;NY=16;NX=2695;

% Define the sizes of matrixs

% Read SST data
SSTA = xlsread('sstwetpre.xls');
STDSSTA=(SSTA-mean2(SSTA))./std2(SSTA):
Y=STDSSTA':
%
% Read soil moisture data
[Lan1 ,Lon1,SoilM] = textread('grid6year.prn','%f %f %f,NP*NY);
SoilMA=SoilM-mean(SoilM);

% anormaly

STDSoilMA=SoilMA./std(SoilMA); % standardize
Z=reshape(STDSoilMA,NY,NP):

%Convert 1D to 2D

%
% SVD Calculation
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Cyz=(1./(NY-1))*Y'*Z;
[left,eigs,right]=svd(Cyz);
eigenvalues=diag(eigs);
eigmode=eigenvalues.^2./sum(eigenvalues/2);
a=right;
b=a(:,1);
right1=Z*b;
c=left;
d=c(:,1):
left1=Y*d;
%
% Calculate correlation coefficient R and T-test values
for 1=1 :NP;
Tmp1=sum(Z(:,l).*left1)-sum(Z(:,l))*sum(left1)/NY;
Tmp2=sum(Z(:,l).*Z(:,l))-sum(Z(:,l))*sum(Z(:,l))/NY:
T mp3=sum(left1 ,*left1 )-sum(left1 )*sum(left1 )/NY ;
T1 (l)=R1 (l)*sqrt((NY-2)/(1 -R1 (l)*R1 (I)));
end
for 1=1 :NX;
Tmp1=sum(Y(:,l).*right1)-sum(Y(:,l))*sum(right1)/NY;
Tmp2=sum(Y(:,l).*Y(:,l))-sum(Y(:,l))*sum(Y(:,l))/NY;
Tmp3=sum(right1.*right1)-sum(right1)*sum(right1)/NY;
R2(l)=Tmp1/sqrt(T mp2*T mp3);
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T2(l)=R2(l)*sqrt((NY-2)/(1-R2(l)*R2(l))):
end
Tmp=reshape(Lan1,NY,NP);Tmp=Tmp';x1=Tmp(:,1);
Tmp=reshape(Lon1,NY,NP);Tmp=Tmp';y1=Tmp(:,1);
T mp=reshape(Lon2,NY,NX);T mp=T mp';y2=Tmp(;, 1);
hcm1=[x1 y1 RT TT];
hcm2=[R2' T2’];
dlmwrite('hcm11.txt', hcm1, 'delimiter', '\t', 'precision', 4)
dlmwrite('hcm12.txt', hcm2, 'delimiter', '\t', 'precision', 4)
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